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Abstract: Breast cancer is a highly heterogeneous malignancy. Radiomics, combined with deep learning techniques, harnesses the
power of advanced medical imaging to extract rich quantitative features that noninvasively capture tumor imaging phenotypes. This
approach facilitates the integration of macroscopic imaging data with genomic heterogeneity, thereby bridging the gap between tumor
radiographic appearance and underlying molecular profiles. This review systematically outlines the radiomics workflow in breast
cancer, encompassing image acquisition, tumor segmentation, feature extraction, feature selection, and modeling strategies. Emphasis
is placed on the role of deep learning in automating feature extraction and enabling multimodal data fusion to enhance predictive
accuracy. By examining current research progress, we elucidate methods to uncover latent information related to gene mutations,
immune microenvironment characteristics, and other genomic alterations from imaging data. This synthesis highlights the potential of
radiogenomics to provide novel insights and tools for precision medicine, ultimately fostering personalized diagnosis, prognosis, and
treatment planning in breast cancer care.
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Introduction

Breast cancer is a highly heterogeneous disease, characterized by marked variability in clinical presentation,
molecular subtypes, and therapeutic responses. This heterogeneity manifests both intertumorally, across different
patients, and intratumorally, within a single tumor mass. For instance, triple-negative breast cancer (TNBC), which
accounts for approximately 15-20% of all breast cancers, exemplifies this complexity with diverse molecular
subtypes such as basal-like, mesenchymal-like, luminal androgen receptor, and immunomodulatory subtypes.
These subtypes exhibit distinct radiologic features, underscoring the challenges in early diagnosis and tailored
therapy.' Furthermore, HER2-positive breast cancers demonstrate heterogeneity in HER2 amplification, which is
associated with resistance to targeted therapies like trastuzumab emtansine, emphasizing the need for precise
assessment of HER2 heterogeneity to guide treatment decisions.>® Intratumoral heterogeneity also extends to
genomic alterations such as chromosomal instability and clonal diversity, which drive tumor evolution, progression,
and therapeutic resistance.” These complexities are further compounded by the heterogeneity of circulating tumor
cells and clusters, which vary across breast cancer subtypes and impact metastatic potential and prognosis.®
Collectively, these findings highlight the intrinsic biological diversity of breast cancer, which poses significant
challenges to the development of effective, personalized treatment strategies.
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In recent years, the emergence of imaging genomics—or radiogenomics—has provided a promising avenue to bridge
the gap between non-invasive imaging phenotypes and underlying genomic heterogeneity in cancer. Radiogenomics
integrates quantitative imaging features with genomic data to uncover associations that can inform disease characteriza-
tion, prognostication, and therapeutic response prediction. This approach leverages advances in radiogenomics to extract
high-dimensional, reproducible imaging features that capture tumor heterogeneity beyond the limits of human visual
assessment.”® In breast cancer, radiogenomics has been applied to identify imaging biomarkers correlated with molecular
subtypes, gene expression profiles, and mutation status, facilitating non-invasive and spatially comprehensive tumor
profiling.” Moreover, the integration of radiomics and deep learning techniques has enhanced the ability to predict
clinically relevant outcomes such as axillary lymph node metastasis.'®'? These methodologies enable capturing both
intratumoral and peritumoral features, enhancing the performance of breast cancer diagnostic models.'* By combining
imaging data with genomic information, radiogenomics offers the potential to overcome limitations of invasive biopsies
and sampling bias, providing a holistic view of tumor biology that informs precision oncology.

The convergence of radiomics and deep learning technologies thus opens new opportunities for precision diagnosis
and personalized treatment in breast cancer. Large-scale imaging and genomic datasets have been utilized to explore
complex tumor heterogeneity and molecular characteristics, providing insights into molecular subtypes and gene
expression signatures.“"15 These approaches have demonstrated superior performance compared to traditional radiomics
models in predicting axillary lymph node status.'® Furthermore, the integration of clinical data with radiogenomic
signatures enhances predictive accuracy and supports individualized treatment planning.'” The application of radio-
genomics extends beyond breast cancer to other malignancies, illustrating its broad utility in oncology.'®'? Despite these
advances, challenges remain regarding standardization of feature extraction, model interpretability, and validation.?
Addressing these issues is critical to translate radiogenomic insights into routine clinical practice, ultimately improving
patient outcomes through more precise and non-invasive tumor characterization. This review will systematically explore
the intersection of radiomics and deep learning in building the bridge between breast cancer imaging phenotypes and
genomic heterogeneity, highlighting current progress, challenges, and future directions for advancing precision medicine
in breast oncology.

The Relationship Between Imaging Phenotypes and Genomic
Heterogeneity of Breast Cancer

Molecular Subtypes of Breast Cancer and Their Genomic Characteristics

Breast cancer is widely recognized as a heterogeneous disease characterized by diverse molecular subtypes with distinct
genomic landscapes and clinical implications. The classification into molecular subtypes, notably through the PAMS50
gene expression assay, has become a cornerstone in understanding breast cancer biology and tailoring therapeutic
strategies. Molecular stratification of breast cancers includes intrinsic subtypes such as Luminal, HER2-enriched, and
Basal-like, each exhibiting unique gene expression patterns and clinical outcomes.?' Basal-like and triple-negative breast
cancers (TNBCs) are more aggressive and lack targeted treatment options, whereas luminal subtypes have distinct
molecular characteristics.”>*> Molecular assays such as MammaPrint, TargetPrint, and BluePrint complement traditional
immunohistochemical (IHC) classifications, improving risk stratification and guiding treatment decisions.”*

The molecular heterogeneity of breast cancer extends beyond expression profiles to encompass a complex landscape
of genomic alterations, including somatic mutations, copy number variations (CNVs), and epigenetic modifications. Key
driver mutations including TP53, PIK3CA, and BRCA1/2 have been studied for their prevalence and distribution across
breast cancer subtypes.”>?® PIK3CA mutations are frequently observed in canine mammary tumors with molecular
subtypes analogous to human breast cancer, though specific associations with Luminal or Basal-like subtypes are not
established.”® Copy number alterations on chromosome 17 involving ERBB2 and adjacent genes reveal molecular
differences in HER2-negative breast cancers, though their role in defining HER2-enriched subtypes and tumor behavior
requires further investigation.’” Genomic instability, measured by tumor mutational burden and mutant-allele tumor
heterogeneity, varies among subtypes and associates with clinical features, though direct correlations with prognosis and
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therapeutic response remain to be fully elucidated.”® These genomic features underscore the biological complexity and
necessitate integrated molecular profiling for precision medicine.

Recent advances have also revealed the significance of non-coding RNAs, including long non-coding RNAs
(IncRNAs), in modulating gene expression and contributing to subtype-specific phenotypes. Comprehensive transcrip-
tome analyses have identified novel IncRNAs associated with hormone receptor status and immune microenvironment
modulation, linking them to breast cancer progression.”’ Moreover, necroptosis-related IncRNA signatures have been
proposed as prognostic markers and potential therapeutic targets, reflecting the interplay between cell death pathways and
tumor heterogeneity.*® These findings suggest that integrating coding and non-coding genomic elements enriches our
understanding of subtype biology.

The angiogenesis-related molecular subtypes represent another layer of heterogeneity, with distinct immune land-
scapes and genomic alterations influencing tumor microenvironment and treatment response. For example, angiogenesis
subtypes identified through consensus clustering of TCGA data demonstrate differential expression of immune check-
points and mutation burdens, which may affect immunotherapy efficacy.®' Similarly, proteomic and phosphoproteomic
profiling has delineated subtypes with unique kinase activation patterns, providing insights into neoadjuvant treatment
stratification.’” These multi-omic approaches highlight the dynamic interplay between genomic alterations and tumor
microenvironment across subtypes.

Furthermore, cross-species genomic comparisons have identified parallels between human basal-like breast cancer
and canine mammary tumors, reinforcing the molecular characteristics of aggressive subtypes and offering translational
models for research.*>** This comparative oncology approach may facilitate the discovery of conserved oncogenic
pathways and therapeutic vulnerabilities.

Machine learning and deep learning techniques applied to multi-modal data, including genomic, transcriptomic, and
imaging features, have enhanced the accuracy of molecular subtype prediction and prognosis assessment. Graph
convolutional networks have demonstrated superior performance in classifying breast cancer subtypes, while integrative
bioinformatics tools contribute to molecular characterization and prognostic gene signature identification.’> >’ These
computational advances enable the integration of heterogeneous data sources, capturing the complexity of breast cancer
heterogeneity.

In summary, the molecular subtyping of breast cancer, grounded in comprehensive genomic characterization, provides
critical insights into tumor biology and clinical management. The heterogeneity in gene mutations, copy number
variations, expression profiles, and epigenetic regulation across subtypes underpins differences in prognosis and
therapeutic response. Integrating multi-omic data with advanced computational methods holds promise for refining
subtype classification and advancing precision oncology. It is crucial to continue validating these molecular features
across diverse patient cohorts and exploring their functional implications to optimize subtype-specific interventions.

Diversity of Imaging Phenotypes and Their Biological Basis
Imaging phenotypes in breast cancer encompass a wide range of quantitative features extracted from medical images,
capturing tumor morphology, texture heterogeneity, and dynamic contrast enhancement patterns. Tumor shape and size,
as fundamental morphological characteristics, provide essential information on tumor aggressiveness and growth
patterns. For example, MRI phenotypes such as tumor size, shape, and margin characteristics have been associated
with molecular and cellular features, though direct correlations with invasiveness or benignity require further
validation.*® Texture features derived from radiomic analysis quantify intratumoral heterogeneity by assessing gray-
level variations, entropy, and spatial distribution of pixel intensities. These studies have modeled cellular plasticity and
spatial diversity related to epithelial-mesenchymal transition in breast cancer organoids using imaging and deep learning
approaches.”® Dynamic contrast-enhanced (DCE) imaging enriches phenotypic characterization by capturing spatial and
kinetic heterogeneity relevant to tumor microenvironment features.*> The integration of these imaging features through
artificial intelligence models enables more precise tumor subtyping and prognostication.

The biological basis of imaging phenotypes is increasingly elucidated by correlating radiomic features with histo-
pathological and molecular data. Tumor morphology and texture heterogeneity often mirror variations in cellular density,
extracellular matrix composition, and angiogenesis within the tumor microenvironment (TME). For instance, MRI-
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derived texture features correlate with gene expression profiles related to cell cycle regulation, DNA repair, and
extracellular matrix remodeling.®® Dynamic enhancement patterns reflect vascular density and permeability.*'
Moreover, imaging phenotypes such as heterogeneity in enhancement patterns have been associated with immune cell
infiltration and immune checkpoint expression, indicating an interplay between tumor vascularity and immune
microenvironment.*’ These imaging biomarkers thus serve as non-invasive surrogates for complex biological processes
within tumors.

Importantly, imaging phenotypes are closely linked to the tumor microenvironment and immune status. Multiplexed
imaging studies have demonstrated spatial heterogeneity in tumor and immune cell populations, highlighting phenotypic
diversity without direct linkage to imaging features or immune microenvironment classifications.*> Radiomics signatures
derived from DCE-MRI have successfully distinguished breast tumors with high innate and adaptive immune cell
infiltration from those with sparse immune presence, correlating with differential expression of hormone receptors and
immune checkpoint molecules.*® The spatial distribution of cancer-associated fibroblasts (CAFs) has been characterized,
though its influence on imaging texture and enhancement patterns remains to be established.* This association under-
scores the potential of imaging phenotypes to non-invasively assess the immunological landscape of tumors, which is
critical for predicting response to immunotherapy.

Emerging computational frameworks leverage multiplexed tissue imaging and advanced machine learning to dissect
the spatial organization of tumor ecosystems at single-cell resolution, providing deeper insight into the biological
underpinnings of imaging phenotypes. Spatially resolved single-cell analysis integrates morphological and topological
features to classify tumor, stromal, and immune cells, revealing microecological modules associated with molecular
features and patient prognosis.44 These approaches facilitate the identification of prognostic spatial biomarkers, such as
lymphocyte infiltration patterns and fibroblast neighborhoods.*> The convergence of high-dimensional imaging data with
molecular profiling thus bridges the gap between radiological phenotypes and the biological complexity of the tumor
microenvironment.

In addition to static imaging, longitudinal and dynamic imaging techniques capture temporal heterogeneity and
phenotypic plasticity within tumors. Functional 4-D imaging modalities, such as dynamic FDG PET, characterize kinetic
intratumor heterogeneity by identifying distinct subpopulations with unique metabolic activity profiles, revealing tumor
biology and prognostic information.*® Simulation-based methods further link PET-derived radiomic features to micro-
scopic tumor parameters, including hypoxia and necrosis, enhancing the biological interpretability of imaging
phenotypes.*” These dynamic imaging phenotypes reflect the evolving tumor biology and microenvironmental interac-
tions, providing a more comprehensive understanding of tumor heterogeneity.

Collectively, the diversity of imaging phenotypes in breast cancer arises from complex biological processes involving
tumor cell morphology, microenvironmental composition, vascular characteristics, and immune infiltration. The integra-
tion of radiomics, multiplexed imaging, and machine learning enables the dissection of these phenotypes and their
biological basis, offering promising avenues for non-invasive tumor characterization, prognostication, and personalized
therapy selection.*® This multidisciplinary approach advances the potential of imaging biomarkers to serve as surrogates
for molecular and cellular heterogeneity, ultimately bridging the gap between imaging phenotypes and tumor biology.

The Bridging Role of Radiogenomics

Radiogenomics serves as a critical bridge connecting imaging phenotypes with genomic heterogeneity in breast cancer,
enabling noninvasive characterization of tumor biology and providing insights into the molecular underpinnings of
imaging features (Figure 1). Imaging phenotypes, derived from modalities such as dynamic contrast-enhanced magnetic
resonance imaging (DCE-MRI), capture spatial and temporal heterogeneity within tumors, reflecting variations in cellular
architecture, microenvironment, and metabolic activity. These phenotypes represent a macroscopic manifestation of
underlying genomic heterogeneity, which includes diverse gene expression patterns, mutational landscapes, and pathway
activations that drive tumor progression and therapeutic response. For instance, deep learning radiomics (DLR) models
applied to DCE-MRI have demonstrated high accuracy in predicting lymph node metastasis (LNM) in invasive breast
cancer, with the associated imaging features correlating significantly with classical tumor signaling pathways related to
immune response, signal transduction, and cell death. The identification of hub genes linked to these imaging phenotypes
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Figure | Schematic diagram of radiogenomics bridging imaging phenotypes and genomic heterogeneity in breast cancer. This schematic illustrates the core mechanism of
radiogenomics in linking breast cancer imaging phenotypes to genomic heterogeneity. On the left, typical imaging phenotypes (MRl morphological/texture/dynamic
enhancement features, ultrasound echo/border features, mammography microcalcification features) and extracted radiomic features (morphological, texture, statistical
features) are shown. The middle radiogenomics bridge layer displays key technologies including deep learning-based feature extraction, multimodal fusion, and feature
selection. On the right, genomic heterogeneity dimensions (gene mutations (BRCAI1/2/TP53), molecular subtypes (Luminal/HER2+/TNBC), immune microenvironment
(TILs/CD8+ T cells), and gene expression profiles) are presented, with core associations (e.g., texture features positively correlated with TP53 mutation) annotated with
corresponding references.

facilitates the calculation of gene expression scores (eg., RadDeepGene), which strongly predict metastatic risk, thereby
underscoring the biological relevance of radiomic signatures as surrogates of genomic alterations.*’

The integration of radiomic and genomic data has advanced the understanding of breast cancer heterogeneity beyond
what either modality can achieve alone. Radiomics extracts quantitative features from imaging data that characterize
tumor shape, texture, and intensity, while genomics provides molecular insights at multiple levels, including gene
mutations, transcriptomics, and pathway activities. Studies utilizing multi-omics approaches have revealed that deep
radiomic features outperform traditional handcrafted features in predicting clinical characteristics such as tumor size,
hormone receptor status, and lymph node involvement, with stronger associations to risk genes and biological pathways.
This enhanced predictive power is attributed to the ability of deep learning frameworks to capture high-order, complex
imaging patterns that better reflect the tumor’s molecular landscape. Moreover, the spatial heterogeneity captured by
imaging corresponds with intratumor heterogeneity observed at the genomic level, which is a major determinant of
prognosis and therapeutic resistance. Imaging intratumor heterogeneity (IITH) assessed by radiomics correlates with
genomic heterogeneity and clinical features, providing insights into tumor biology.’%"

Current research on radiogenomics emphasizes the synergy between imaging and genomics to develop multidimen-

sional models for precision breast cancer management. Integrative analyses link radiomic features with transcriptomic

Breast Cancer: Targets and Therapy 2026:18 https: 5



Yi et al

and genomic profiles to stratify patients, predict treatment response, and forecast outcomes. For instance, interpretable
imaging phenotypes derived from Al-driven analysis of 4D DCE-MRI data have been shown to correlate with tumor
microenvironment markers and molecular signatures, including hormone receptor and immune checkpoint protein
expression, offering prognostic value superior to conventional radiomics or black-box deep learning methods. This
interpretability enhances clinical relevance by elucidating the biological basis of imaging features and facilitating
personalized treatment decisions.*® Additionally, radiogenomic models have been developed to noninvasively estimate
immune cell infiltration, such as y3T cell abundance in triple-negative breast cancer, which is linked to favorable
prognosis and differential benefit from chemo- or immunotherapy. The ability to infer immune landscape from imaging
further exemplifies the bridging role of radiogenomics in connecting phenotype with genotype and immune contexture.>

Despite promising advances, challenges remain in integrating imaging and genomic data effectively. Variability in
imaging protocols, feature extraction methods, and genomic data processing complicate standardization and reproduci-
bility. Moreover, many radiogenomic studies rely on retrospective cohorts with limited sample sizes, underscoring the
need for large-scale, multicenter datasets and external validations to ensure generalizability. Recent efforts to develop
user-friendly computational tools, such as MuSA, facilitate multi-omics data integration and analysis, enabling research-
ers without programming expertise to explore radiogenomic associations and generate hypotheses. These tools support
modular workflows encompassing data preprocessing, normalization, clustering, and feature selection, thereby promoting
broader adoption of radiogenomics in breast cancer research.’” The evolving landscape of artificial intelligence, including
deep learning and multimodal data fusion, holds promise for improving the accuracy and interpretability of imaging
models in breast cancer diagnosis and treatment.’*>>

In summary, radiogenomics acts as a vital conduit linking imaging phenotypes with genomic heterogeneity in breast
cancer, facilitating noninvasive tumor characterization, prognostication, and personalized therapy. The integration of
advanced radiomics, deep learning, and multi-omics data continues to refine our understanding of tumor biology, offering
new avenues for precision oncology. Continued methodological improvements, standardization efforts, and validation
studies are essential to translate radiogenomic insights into routine clinical practice, thereby bridging the gap between
imaging and genomics for improved patient outcomes.

Detailed Workflow of Radiomics

Image Acquisition and Preprocessing

Breast cancer imaging employs multiple modalities, each offering unique advantages for diagnosis and treatment
planning. The most commonly used imaging techniques include Magnetic Resonance Imaging (MRI), mammography
(breast X-ray), ultrasound (US), and positron emission tomography (PET). MRI is useful in detecting breast lesions and
provides detailed soft tissue contrast, aiding in the evaluation of tumor extent and multifocality.”® Mammography is
widely used for breast cancer detection and plays a role in identifying microcalcifications and masses, though sensitivity
may be affected by breast density.’” Ultrasound is utilized in breast cancer detection and classification, with advances in
deep learning improving image segmentation and classification accuracy.’® PET imaging, often combined with CT (PET/
CT), offers metabolic information that aids in staging and treatment response assessment.”® The integration of these
modalities enhances the overall diagnostic accuracy and provides comprehensive phenotypic information necessary for
personalized treatment strategies.

Preprocessing of imaging data is critical to ensure the reliability and reproducibility of subsequent radiomic and deep
learning analyses. Standardization techniques such as image normalization, noise reduction, and registration are routinely
applied to reduce variability introduced by different scanners, acquisition protocols, and patient motion. Intensity
normalization methods, including Z-score normalization within organ masks, have demonstrated superiority in harmo-
nizing images across different MRI vendors and field strengths, ensuring comparable intensity distributions essential for
robust feature extraction.’® Noise removal techniques, including Wiener filtering and speckle noise filtering with block-
matching three-dimensional filtering, are applied in ultrasound image preprocessing and contribute to improved classi-
fication performance.”®®' Multimodal deep learning frameworks combining MRI and ultrasound data have demonstrated
effectiveness in predicting axillary lymph node metastasis.**
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Advanced preprocessing includes image enhancement techniques such as contrast-limited adaptive histogram equal-
ization (CLAHE), which improve the visibility of subtle lesions and texture patterns critical for radiomic analysis.“"’4
Segmentation of regions of interest (ROIs), such as breast parenchyma, is often performed using deep convolutional
neural networks like U-Net variants, enabling precise delineation and optimizing feature extraction.®®> The combination of
these preprocessing steps lays a solid foundation for extracting high-quality quantitative imaging biomarkers that reflect
underlying tumor biology and heterogeneity.

The choice of imaging modality and preprocessing protocol can significantly impact the extracted radiomic features
and the performance of predictive models. Radiomic features extracted from T2-weighted axillary MRI have been
studied for their role in lymph node metastasis prediction, though sensitivity to segmentation and acquisition variability
requires further investigation.®® Similarly, the reproducibility of radiomic features from mammography can be influenced
by imaging physics parameters such as kV and mAs settings, necessitating the selection of robust features less susceptible
to such variations.®”-°® Harmonization techniques like ComBat have been employed to mitigate batch effects arising from
multi-center datasets, enhancing the generalizability of machine learning models across heterogeneous imaging
sources.®’

Recent advances in deep learning have further refined preprocessing workflows by integrating automated denoising,
normalization, and segmentation into end-to-end pipelines. Transfer learning approaches leveraging pretrained convolu-
tional neural networks (CNNs) on large mammography or ultrasound datasets have improved lesion detection and
classification accuracy, even with limited annotated data.’®’® Moreover, the development of multimodal deep learning
models that fuse MRI and ultrasound features has demonstrated superior predictive performance for clinically relevant
endpoints such as axillary lymph node metastasis.®> These models benefit from meticulous preprocessing that ensures
data consistency and feature reliability.

In summary, the acquisition of breast cancer imaging data across multiple modalities combined with rigorous
preprocessing steps such as normalization, noise reduction, and registration is fundamental to extracting meaningful
imaging biomarkers. These processes enable the development of robust radiomics and deep learning models that can
bridge imaging phenotypes with underlying genomic heterogeneity, ultimately contributing to personalized breast cancer
management. The continuous refinement of preprocessing techniques tailored to specific imaging modalities and clinical
tasks is essential to maximize the potential of radiomics and artificial intelligence in breast cancer diagnostics and
prognostics.

Tumor and Region of Interest (ROI) Delineation

Accurate delineation of tumors and regions of interest in breast cancer imaging is a critical step in radiomics and deep
learning workflows, as it directly influences the quality of feature extraction and subsequent analyses. Traditionally,
manual contouring by expert radiologists has been the gold standard for tumor segmentation. Manual delineation is
subject to inter-observer variability, which can introduce inconsistencies in radiomic feature quantification and affect
reproducibility of predictive models.”' To mitigate these limitations, semi-automatic and fully automatic segmentation
methods have been developed, leveraging advances in deep learning architectures such as U-Net, Transformer-based
models, and their variants.

Semi-automatic segmentation approaches typically combine initial manual inputs, such as seed points or bounding
boxes, with algorithmic refinement to delineate tumor boundaries. For example, a semi-automatic segmentation method
based on a seeded region growing algorithm has been applied to breast MRI images, enabling efficient tumor area
delineation that balances accuracy and user effort.”? Despite reducing workload, semi-automatic methods may still
require expert involvement and can be influenced by the initial inputs, potentially affecting reproducibility.

Fully automatic segmentation methods harness deep learning to achieve rapid and consistent tumor delineation
without manual intervention. Transformer-based segmentation models have demonstrated superior performance com-
pared to traditional convolutional neural networks like U-Net in mammographic tumor segmentation, achieving high
Dice Similarity Coefficients (DSC) around 0.92 in test datasets.”* These models not only improve segmentation accuracy
but also enhance downstream radiomic feature extraction, leading to improved classification of breast lesions into benign
and malignant categories. Similarly, deep learning architectures such as dense U-Net, recurrent residual U-Net (R2UNet),
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and dense R2UNet have been successfully applied to segment triple-negative breast cancer patient-derived tumor
xenografts on preclinical MRI images, yielding Fl-scores exceeding 0.94 and high correlation of extracted radiomic
features with expert consensus segmentations.”*

The accuracy of segmentation profoundly impacts the robustness and reproducibility of radiomic features. Studies
have shown that inter-observer variability in manual segmentation can result in significant differences in feature
extraction; for instance, only about 33-42% of radiomic features were identified as robust against inter-observer
variability in breast MRI tumor segmentations.”' Automated segmentation methods can reduce such variability, provid-
ing more consistent tumor masks that improve the reliability of radiomic analyses. Moreover, features extracted from
automatically segmented tumor regions have been demonstrated to retain prognostic value, such as predicting disease-
free survival in invasive breast cancer using multi-modal imaging signatures derived from ultrasound and MRI.”®

In addition to tumor segmentation, delineation of peritumoral regions has gained attention due to their biological
significance and contribution to radiomic signatures. Radiomic features extracted from peritumoral areas on MRI and
PET imaging have been shown to enhance prediction of pathological complete response to neoadjuvant chemotherapy in
breast cancer.”®’” Accurate segmentation of both intra- and peritumoral regions is thus essential for comprehensive
tumor phenotyping.

Recent advances also include weakly supervised and weak annotation strategies that reduce the need for precise
manual annotations while maintaining segmentation performance. For example, a 3D U-Net transformer model trained
with bounding box annotations achieved median DSCs of 0.75 for whole breast and 0.89 for ROI segmentations on DCE-
MRI, demonstrating the feasibility of efficient segmentation with limited annotation effort.”® Such approaches facilitate
scaling to large datasets and integration into clinical workflows.

Furthermore, the choice of imaging modality and segmentation method can influence the downstream predictive
models. For instance, Transformer-based segmentation coupled with radiomic feature selection and ensemble classifiers
outperformed U-Net-based segmentation in mammographic breast cancer diagnosis, achieving classification accuracies
above 90% compared to 84%."* This suggests that segmentation quality directly affects the diagnostic utility of radiomics
and deep learning models.

In summary, the evolution from manual to semi-automatic and fully automatic segmentation techniques has sub-
stantially improved the accuracy, reproducibility, and efficiency of tumor and ROI delineation in breast cancer imaging.
High-quality segmentation is foundational for reliable radiomic feature extraction and robust predictive modeling.
Continued integration of advanced deep learning architectures, combined with strategies to reduce annotation burden,
promises to further enhance tumor delineation and enable scalable, precise breast cancer imaging phenotyping.
Segmentation approaches based on deep learning have been developed and evaluated across various breast imaging

modalities, demonstrating potential for clinical application.”* "

Feature Extraction

Feature extraction is a fundamental step in radiomics and deep learning workflows, involving the quantitative character-
ization of breast cancer imaging data to capture tumor heterogeneity and relevant phenotypic traits. In breast cancer
imaging analysis, extracted features generally fall into several categories: morphological features, texture features, and
statistical features. Morphological features describe the shape, size, and geometric properties of the lesion, such as tumor
volume, sphericity, and surface area. Texture features quantify patterns of pixel intensity variations within the tumor
region, capturing heterogeneity that may correlate with cellular architecture and microenvironmental factors. Statistical
features include first-order histogram-based metrics reflecting intensity distribution within the lesion, though specific
metrics such as mean intensity, variance, skewness, and kurtosis require further specification.”’

Traditionally, handcrafted radiomics features are extracted using predefined algorithms and mathematical descriptors
applied to segmented regions of interest. For example, texture features derived from gray-level co-occurrence matrices
(GLCM), gray-level run-length matrices (GLRLM), and wavelet transforms have been widely used to characterize breast
tumors on modalities such as MRI, ultrasound, and mammography. These handcrafted features provide interpretable
metrics and have demonstrated associations with clinical outcomes.***' However, handcrafted features are limited by
their dependence on accurate lesion segmentation and may not fully capture complex tumor patterns.
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In contrast, deep learning-based feature extraction leverages convolutional neural networks or other architectures to
automatically learn high-level abstract features directly from imaging data without manual feature engineering. Deep
learning features are often extracted from intermediate layers of pretrained or task-specific networks, capturing hier-
archical representations of tumor characteristics. Studies have shown that deep learning features outperform traditional
handcrafted radiomics in predicting clinical endpoints such as axillary lymph node metastasis, pathological complete
response (pCR) to neoadjuvant chemotherapy, and distant metastasis risk.’""***> MRI-based deep radiomic features
extracted via DenseNet architectures have demonstrated predictive performance in lymph node metastasis prediction,
with associations to clinical features.’'"%*

Comparative analyses between traditional radiomics and deep learning feature extraction reveal complementary
strengths. Traditional radiomics provides interpretable, handcrafted features that can be linked to known imaging
biomarkers, while deep learning extracts complex, high-dimensional features that capture subtle imaging phenotypes.
Fusion models integrating both feature types have achieved improved diagnostic and prognostic accuracy in breast
cancer. For example, combining handcrafted radiomics with deep learning signatures in a nomogram significantly
enhanced prediction of axillary lymph node metastasis compared to either feature set alone.'®® Similarly, fusion of
radiomics and deep learning features from intra-tumoral and peri-tumoral regions improved discrimination between
breast cancer lung metastases and primary lung cancer.

Moreover, deep learning feature extraction benefits from end-to-end training and can incorporate multimodal imaging
data, such as combining ultrasound radiomics with clinical parameters or PET/CT radiomics, to boost predictive
performance.'”*” Transfer learning techniques have been applied to breast imaging tasks, where pretrained CNNs like
ResNet and DenseNet are fine-tuned on breast cancer datasets to extract robust features.”>*® The integration of radiomics
and deep learning features within a unified framework enables the capture of both global and local tumor characteristics,
facilitating more accurate and generalizable models for breast cancer diagnosis, treatment response prediction, and
metastasis risk stratification.

Additionally, the inclusion of peritumoral region features alongside intratumoral features has been shown to enhance
model performance, as the tumor microenvironment contributes important biological information. Deep learning models
incorporating peritumoral regions extracted from ultrasound or mammography images achieved higher AUCs for
distinguishing malignant from benign lesions.'*®’ This suggests that deep learning-based feature extraction can effec-
tively mine rich phenotypic information beyond the tumor core.

In summary, feature extraction in breast cancer radiomics encompasses a spectrum from handcrafted morphological,
texture, and statistical features to automatically learned deep learning features. While traditional radiomics offers
interpretability and established imaging biomarkers, deep learning provides powerful hierarchical representations that
capture complex tumor heterogeneity. Combining these approaches through fusion models consistently yields superior
predictive accuracy, supporting their integration in clinical decision support systems for breast cancer
management. 16,1785

The evolving evidence indicates that leveraging both traditional and deep learning feature extraction methods can
better characterize the phenotypic and genomic heterogeneity of breast cancer, potentially enabling more personalized
and precise diagnosis and treatment strategies (Table 1). Future research should focus on optimizing feature fusion
strategies and model validation in breast cancer imaging studies.”

Feature Selection and Dimensionality Reduction
Feature selection and dimensionality reduction are critical steps in radiomics and deep learning pipelines for breast
cancer imaging analysis, serving to enhance model efficiency, reduce computational burden, and improve generalization
by avoiding overfitting. Several established methods, including correlation analysis, principal component analysis (PCA),
and least absolute shrinkage and selection operator (LASSO), have been widely applied to identify the most informative
features from high-dimensional datasets.

Correlation analysis is often employed as an initial screening step to remove redundant features that exhibit high
pairwise correlation, thereby reducing multicollinearity within the dataset. For example, in a study integrating B-mode
ultrasound (BMUS) and color Doppler ultrasound (CDUS) imaging for sentinel lymph node (SLN) metastasis prediction
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Table | Comparison of Handcrafted Radiomic Features and Deep Learning-Based Features in Breast Cancer Radiomics

Comparison Handcrafted Radiomic Features Deep Learning-Based Features
Dimension

Feature type Manually designed (morphological, texture, statistical) | Automatically learned (high-dimensional abstract features)
Extraction method Based on predefined algorithms with artificial definition End-to-end learning based on CNN/Transformer
Feature dimensionality Low (dozens to hundreds of dimensions) High (thousands to tens of thousands of dimensions)
Interpretability High (clear physical meaning of features) Low (black-box features requiring XAl interpretation)
Segmentation dependence High (segmentation errors directly affect features) Relatively low (extractable directly from raw images)
Predictive performance Moderate (suitable for simple phenotypic prediction) High (suitable for complex genomic feature prediction)
Common methods GLCM, GLRLM, Wavelet transform DenseNet, ResNet, Vision Transformer
References [80,81] [51,85]

Notes: This table compares handcrafted radiomic features and deep learning-based features across eight key dimensions: feature type, extraction method, feature
dimensionality, interpretability, segmentation dependence, predictive performance, and common methods. Handcrafted features are manually designed (low-dimensional,
high interpretability), while deep learning features are automatically learned from raw images (high-dimensional, superior predictive performance for complex genomic
feature prediction). Data in the table is extracted from Feature Extraction of the review, with corresponding references annotated for each entry.

Abbreviations: XAl, explainable artificial intelligence; GLCM, gray-level co-occurrence matrices; GLRLM, gray-level run-length matrices.

in breast cancer, Pearson correlation analysis was used to filter features before applying LASSO regression for further
selection.”’ This two-step process ensures that the final model includes features that are both independent and predictive,
enhancing robustness.

Principal component analysis is a widely used unsupervised dimensionality reduction technique that transforms the
original feature space into a smaller set of orthogonal components capturing the majority of variance. In a radiomics
model based on dynamic contrast-enhanced MRI for predicting SLN metastasis, PCA was utilized after normalization to
reduce feature dimensionality before classification with support vector machines (SVM), resulting in improved model
performance.” PCA helps to condense complex radiomic data into principal components that retain essential information
while minimizing noise, which is particularly beneficial when sample sizes are limited relative to feature numbers.

LASSO regression, a regularization method that imposes an L1 penalty on feature coefficients, effectively shrinks less
important feature weights to zero, thus performing both feature selection and regularization. Multiple studies have
demonstrated the utility of LASSO in breast cancer radiomics. For instance, in a multimodal mammography and MRI
study predicting axillary lymph node metastasis, LASSO was employed to select key features from combined radiomics
and deep learning outputs, which contributed to a combined model achieving an area under the curve (AUC) of 0.846.%
Similarly, in MRI radiomics models assessing HER2 expression status, LASSO facilitated the selection of discriminative
features from multiparametric sequences, improving prediction accuracy.”* LASSO’s ability to prevent overfitting by
penalizing excessive complexity is crucial for developing generalized models applicable to diverse patient cohorts.

Beyond these traditional techniques, hybrid and ensemble approaches have also been explored. For example, a study
predicting chemotherapy response in locally advanced breast cancer combined matrix rank-based filtering to remove
dependent features with a genetic algorithm coupled to SVM for optimal feature subset selection and hyperparameter
tuning, achieving an accuracy of 88%.°> This highlights the trend towards integrating multiple feature selection strategies
to balance dimensionality reduction and model optimization.

Importantly, effective feature selection and dimensionality reduction directly contribute to avoiding overfitting—a
common pitfall when models are trained on high-dimensional radiomic data with relatively small sample sizes. By
reducing irrelevant or redundant features, models are less likely to capture noise or spurious correlations, thereby
enhancing their ability to generalize to independent datasets. For instance, in ultrasound-based radiomics combined
with immune status to predict SLN metastasis, LASSO-selected features enabled logistic regression models to achieve
AUCs of 0.91 and 0.79 in training and validation cohorts, respectively, demonstrating strong reproducibility.”®

Moreover, combining features from multiple imaging modalities or tumor regions often necessitates dimensionality
reduction to manage the increased feature space. Studies integrating intratumoral and peritumoral radiomics features have

applied LASSO to identify optimal predictive signatures, improving the performance of neoadjuvant chemotherapy
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efficacy prediction models.”” This approach underscores that dimensionality reduction is not only a technical necessity
but also a strategic step to capture biologically relevant heterogeneity while maintaining model parsimony.

In summary, feature selection and dimensionality reduction methods such as correlation analysis, PCA, and LASSO
are indispensable tools in breast cancer radiomics and deep learning workflows. These methods help distill high-
dimensional imaging data into concise, informative feature sets that improve model accuracy and robustness while
mitigating overfitting risks. The integration of multiple techniques and consideration of multimodal data further enhance
model generalizability and clinical utility.

The consistent success of LASSO-based feature selection across diverse imaging modalities and prediction tasks
suggests that sparsity-inducing regularization is particularly well-suited for managing the complexity of radiomic data in
breast cancer. This supports the continued development of hybrid feature selection frameworks that combine statistical
filtering, dimensionality reduction, and machine learning optimization to refine predictive models for personalized breast

91,93,94
cancer management. 93,

Modeling and Validation

The construction of predictive models in radiogenomic studies of breast cancer integrates advanced machine learning and
deep learning techniques to capture the complex relationships between imaging phenotypes and genomic heterogeneity.
Traditional machine learning models such as Support Vector Machines and Random Forests (RF) have been widely
employed for classification and prediction tasks due to their robustness and interpretability. For instance, SVM classifiers
have been effectively used to predict gene expression levels such as CXCL9 from MRI radiomic features, achieving
AUC values of 0.748 in training and 0.711 in validation cohorts, demonstrating moderate predictive capability.”®
Similarly, RF models have been applied in ultrasound imaging for breast cancer diagnosis, yielding classification
accuracies near 78.5% when combined with deep radiomic features extracted through convolutional autoencoders.”
These models typically rely on handcrafted or semi-automatically extracted radiomic features, which, while interpretable,
may not fully capture the high-dimensional heterogeneity of tumor phenotypes.

In recent years, deep learning models, especially convolutional neural networks, have revolutionized the field by
enabling automatic feature extraction and hierarchical representation learning from raw imaging data. CNN-based
architectures such as ResNet and DenseNet have been adapted for breast cancer imaging tasks, including prediction of
molecular subtypes, treatment response, and recurrence risk. For example, a 3-block DenseNet deep learning classifier
applied to ultrasound images predicted HER2 expression with accuracies exceeding 80% and AUCs around 0.84,
outperforming traditional radiomics models.'® Moreover, multimodal deep learning fusion models integrating features
from intratumoral and peritumoral ultrasound regions have demonstrated high predictive performance for early tumor
response to neoadjuvant chemotherapy, with AUCs reaching up to 0.965 in internal validations.'®" These deep learning
models often employ stacking or ensemble strategies to combine features from multiple image regions or modalities,
enhancing robustness and generalizability.

Beyond CNNs, graph neural networks (GNNs) and attention-based deep graph clustering models have emerged to
model the spatial heterogeneity and interactions within the tumor microenvironment, which are critical for understanding
breast cancer heterogeneity. An unsupervised dual-attention deep graph clustering model (DGCLM) was developed to
segment breast tumors into spatially distinct phenotypic subclusters using 4D dynamic contrast-enhanced MRI data. This
model leverages human-interpretable imaging phenotypes and achieves superior accuracy and transparency compared to
conventional radiomics and black-box deep learning methods.*® The application of GNNs allows for capturing complex
spatial dependencies and intercellular interactions that conventional CNNs might overlook, providing a more biologically
relevant representation of tumor heterogeneity.

Model performance evaluation in breast cancer radiogenomic studies commonly utilizes metrics such as the area
under the receiver operating characteristic curve, accuracy, sensitivity, specificity, and calibration curves. Cross-
validation strategies, including nested and stratified k-fold cross-validation, are implemented to ensure robustness and
reduce overfitting. For example, in predicting axillary lymph node metastasis, radiomics models based on dynamic
contrast-enhanced MRI achieved AUCs up to 0.99 in training and 0.86 in validation cohorts, with decision curve analysis
confirming clinical benefits.'”® Similarly, radiomics models for predicting pathological complete response after
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neoadjuvant chemotherapy have been validated using independent external cohorts, with AUCs exceeding 0.90 in some
studies.'®® The integration of clinical variables with radiomic or deep learning features through nomograms or combined
models often enhances predictive accuracy, as demonstrated in HER2 status classification and recurrence risk
prediction.'**103

Furthermore, explainability and interpretability have become critical aspects of model validation. Techniques such as
SHapley Additive exPlanations (SHAP) and Gradient-weighted Class Activation Mapping (Grad-CAM) are employed to
elucidate feature contributions and model decision-making processes. For instance, SHAP analysis quantified the
importance of radiomic features in predicting treatment response, linking imaging features to underlying biological
pathways such as immune activation and cell proliferation.'’® Grad-CAM has been applied in ultrasound image
classification models to provide visual explanations of model decisions.'”” These interpretability methods facilitate the
translation of complex models into clinically actionable tools.

The combination of radiomic and genomic data—radiogenomics—further refines predictive modeling by incorporat-
ing molecular-level insights. Radiogenomic models integrating MRI radiomics and transcriptomic data have shown non-
significant trends toward improved performance in predicting axillary lymph node metastasis and neoadjuvant che-
motherapy response compared to unimodal models.'®'%® Machine learning algorithms, including logistic regression,
random forests, and support vector machines, are used to select and integrate multimodal features. Although some studies
report modest improvements without statistical significance, the potential for enhanced individualized treatment planning
is evident.'” The interpretability of such models is augmented by linking imaging features with gene expression
pathways, providing a biological rationale for model predictions.

In summary, the modeling and validation of breast cancer radiogenomic predictive models have evolved from
traditional machine learning approaches to sophisticated deep learning and graph-based models that capture spatial
and phenotypic tumor heterogeneity. Performance evaluation employs rigorous cross-validation and multiple metrics,
while interpretability techniques ensure clinical relevance. The integration of multimodal data promises more precise and
personalized predictions, although further large-scale validation is necessary to confirm clinical utility. Future research
should focus on harmonizing datasets, improving model generalizability across diverse populations, and enhancing

explainability to facilitate adoption in routine clinical practice (Figure 2).

Application of Deep Learning in Breast Cancer Radiomics

Automatic Feature Learning and Representation
Convolutional Neural Networks have revolutionized the field of medical image analysis by their ability to automatically
learn hierarchical and high-level features directly from imaging data, bypassing the need for manual feature engineering.
In breast cancer imaging, CNNs can extract complex patterns from modalities such as ultrasound, mammography, MRI,
and CT, enabling improved differentiation between benign and malignant lesions, as well as prediction of metastatic
status. CNN architectures like DenseNet121, ResNet50, and VGG16 have been utilized to learn discriminative features
for breast cancer diagnosis and axillary lymph node metastasis prediction, with combined models showing improved
performance.®>''” This automatic feature extraction capability allows CNNs to capture subtle imaging phenotypes that
may be imperceptible to human observers, thereby enhancing diagnostic accuracy and aiding clinical decision-making.
The integration of deep learning features with radiomics and clinical data has shown synergistic effects in improving
model performance. Studies have demonstrated that combining CNN-extracted features with radiomics and patient
clinical parameters yields higher area under the curve values and better sensitivity and specificity compared to models
using either feature set alone.'”*>''" This suggests that CNNs can complement traditional radiomics by capturing
additional abstract representations of tumor heterogeneity and microenvironment characteristics. Deep learning features
extracted from both intratumoral and peritumoral regions have been shown to provide comprehensive tumor information,
enhancing classification performance in differentiating breast cancer lung metastases from primary lung cancer.'>*® The
peritumoral region, often overlooked in conventional analyses, contains valuable contextual information reflecting tumor-

host interactions, which CNNs can effectively exploit through automatic feature learning.
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Figure 2 Technical workflow of breast cancer radiomics from image acquisition to model validation. This flow chart depicts the complete technical workflow of breast
cancer radiomics, divided into five core steps: (1) Image acquisition and preprocessing (modalities including MRI/mammography/ultrasound/PET, preprocessing operations:
normalization, denoising, registration); (2) Tumor and ROI segmentation (manual/semi-automatic/automatic segmentation with U-Net/Transformer models, evaluated by
Dice similarity coefficient); (3) Feature extraction (handcrafted features: GLCM/GLRLM; deep learning features: CNN/DenseNet/ResNet); (4) Feature selection and
dimensionality reduction (methods: correlation analysis, PCA, LASSO regression); (5) Modeling and validation (traditional machine learning: SYM/RF; deep learning: CNN/
GNN; validation methods: k-fold cross-validation, external validation; evaluation metrics: AUC/accuracy/sensitivity). Key references for each step are annotated to ensure
scientific rigor.

Transfer learning and the use of pretrained models constitute another major advantage in breast cancer imaging
applications. Given the limited availability of large annotated medical imaging datasets, leveraging CNNs pretrained on
large-scale natural image datasets such as ImageNet has become a standard approach. Transfer learning allows models
pretrained on large datasets to be fine-tuned for breast imaging tasks, demonstrating feasibility though effects on training
efficiency and generalization require further study.®® ResNet50 and DenseNet201 pretrained models have been adapted
for digital breast tomosynthesis classification tasks, achieving moderate performance despite relatively small sample
sizes.!”*® This approach reduces the risk of overfitting and enables rapid development of robust diagnostic tools.

Furthermore, advanced training strategies such as curriculum learning guided by radiomics scores have been proposed
to enhance CNN training by incorporating domain knowledge. In one study, a radiomics-informed deep curriculum
learning framework weighted the loss function based on radiomics-derived difficulty scores for each sample, allowing the
CNN to focus progressively on harder cases during training. This method improved breast cancer classification
performance compared to standard CNN training or direct use of radiomics features as inputs.''" Such hybrid training
paradigms exemplify the potential of combining handcrafted and automatically learned features to optimize model
learning dynamics and robustness.

In summary, CNNs enable automatic extraction of high-level imaging features that capture complex tumor pheno-
types and microenvironmental context, which are critical for accurate breast cancer diagnosis and prognosis prediction.
The use of transfer learning with pretrained models facilitates effective model training on limited datasets, while
integration with radiomics and clinical data further enhances predictive performance. Emerging training techniques
that incorporate radiomics knowledge into deep learning frameworks offer promising avenues to improve model
generalizability and clinical applicability. These advances collectively contribute to bridging the gap between breast

cancer imaging phenotypes and underlying genomic heterogeneity, supporting precision oncology efforts.
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Multimodal Imaging Data Fusion

The integration of diverse imaging modalities such as magnetic resonance imaging, positron emission tomography, and
ultrasound has become a pivotal strategy in enhancing the diagnostic accuracy and prognostic assessment of breast
cancer. Multimodal imaging data fusion leverages the complementary strengths of each modality to capture comprehen-
sive tumor characteristics, including morphological, functional, and molecular information, which are often unattainable
through single-modality imaging. For instance, MRI offers superior soft tissue contrast and functional imaging capabil-
ities, PET provides metabolic and molecular insights, while ultrasound is widely accessible and effective for real-time
imaging of breast lesions. Methods for multimodal data fusion typically fall into early fusion, intermediate fusion, and
late fusion strategies, each differing in the stage at which data integration occurs within the analytical pipeline.

Early fusion approaches combine raw or preprocessed data from multiple modalities before feature extraction,
allowing models to learn joint representations that capture inter-modality correlations. Intermediate fusion integrates
features extracted independently from each modality, merging them for joint analysis. Late fusion combines decisions or
predictions derived separately from each modality, often through ensemble learning techniques. Studies have demon-
strated that ensemble and stacking strategies in late fusion can significantly improve classification performance for
distinguishing benign and malignant breast tumors, achieving accuracies up to 96.8% and area under the curve values
nearing 0.997 when combining ultrasound, mammography, and MRI features.''? This indicates that sophisticated fusion
strategies can effectively harness the complementary diagnostic information of multimodal imaging.

Deep learning has substantially advanced multimodal feature integration by enabling automated, hierarchical feature
extraction and complex pattern recognition from heterogeneous data sources. Convolutional neural networks and
transformer-based architectures have been employed to extract deep features from each imaging modality, which are
then fused using attention mechanisms or graph-based models to capture interdependencies across modalities. For
example, in breast cancer subtype prediction, a multimodal neural network combining radiomic and deep learning
features from dynamic contrast-enhanced MRI achieved a mean accuracy of 83% and further improved to 97% with
uncertainty estimation modules, outperforming traditional radiomics or standalone deep learning models.'"® Similarly,
hybrid frameworks integrating radiomic texture analysis with deep learning segmentation have enhanced myocardial
infarction detection, demonstrating the utility of multimodal fusion beyond oncology.''

The role of deep learning in multimodal fusion extends beyond feature extraction to include sophisticated fusion
strategies such as cross-modal transformers, attention-weighted networks, and graph convolutional layers that model
spatial and semantic relationships between modalities. A deep learning-based multimodal feature interaction-guided
fusion framework integrated CT radiomic macrofeatures with whole-slide histopathological microfeatures to predict
EGFR mutation status in lung adenocarcinoma, achieving AUC values above 0.85 on internal validation and 0.817 on
external validation sets.''®> This highlights the potential of deep learning to bridge imaging phenotypes with molecular
heterogeneity, a critical aspect in precision oncology.

Moreover, multimodal fusion models that combine imaging data with clinical, genomic, or pathological information
have demonstrated superior prognostic and diagnostic performance compared to unimodal models. For example,
integrating deep learning-derived tumor radiomics with mediastinal adiposity metrics improved postoperative survival
prediction in non-small cell lung cancer patients, achieving concordance indices exceeding 0.82.''® In breast cancer,
multimodal models fusing histopathological whole-slide images with clinical features via multiple instance learning
significantly enhanced prognostic risk stratification, outperforming models based on clinical data alone.''” These findings
suggest that deep learning-based multimodal fusion not only consolidates imaging data but also synergistically integrates
heterogeneous data types to capture tumor heterogeneity and improve individualized patient management.

In thyroid nodule diagnosis, the fusion of radiomics and deep learning features extracted from B-mode and power
Doppler ultrasound images has led to classification models with accuracy rates up to 84%, demonstrating the value of
combining morphological and vascular information.''® Additionally, hybrid quantum-classical frameworks have been
explored for integrating mammography and genomic data, achieving an AUC of 0.96 and highlighting emerging
computational paradigms in multimodal fusion.''” These advances underscore the growing importance of deep learning
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in managing the complexity and high dimensionality of multimodal datasets, facilitating more accurate and interpretable
diagnostic tools.

The integration of multimodal imaging data through deep learning also addresses challenges related to tumor
heterogeneity and microenvironmental complexity. For example, multimodal diagnostic models incorporating MRI,
proteomic, genomic, and clinical data have identified distinct breast cancer subtypes with differential responses to
neoadjuvant therapy, informing personalized treatment strategies.'?’ Furthermore, explainable Al techniques such as
Grad-CAM and SHAP have been employed in multimodal fusion frameworks to enhance the interpretability of model
decisions, thereby increasing clinician trust and facilitating clinical translation.'?'

In summary, multimodal imaging data fusion, empowered by deep learning methodologies, represents
a transformative approach in breast cancer imaging phenotyping. By integrating MRI, PET, ultrasound, and comple-
mentary clinical and molecular data, these models capture the complex biological heterogeneity of tumors and improve
diagnostic accuracy, prognostic assessment, and therapeutic decision-making. Continued advancements in fusion strate-
gies, model interpretability, and large-scale validation are essential to fully realize the clinical potential of multimodal

deep learning frameworks in breast cancer management.

End-to-End Genomic Prediction Models

End-to-end genomic prediction models represent a cutting-edge approach in radiogenomics, where deep learning
frameworks are designed to directly predict gene mutations and expression profiles from imaging data without the
need for intermediate handcrafted feature extraction. This paradigm leverages the ability of convolutional neural
networks and other deep architectures to automatically learn hierarchical representations from raw medical images,
such as whole slide histopathology images (WSIs) or dynamic contrast-enhanced magnetic resonance imaging, that
correlate with underlying genomic alterations. The direct prediction of genomic traits from imaging phenotypes offers
a noninvasive, cost-effective alternative to traditional molecular assays, potentially enabling more rapid and widespread
genomic characterization in breast cancer management.

Numerous studies have demonstrated the feasibility and effectiveness of such models. For instance, a deep learning
model trained on WSIs from breast carcinoma patients successfully predicted point mutations in six key genes with area
under the curve values ranging from 0.68 to 0.85, as well as copy number alterations in another six genes with AUCs
between 0.69 and 0.79. Moreover, this model extended its predictive capability to biological pathway activities,
identifying three out of ten canonical pathways with AUCs from 0.65 to 0.79. The visualization of attention weight
maps in this study provided insights into the spatial regions of tumor tissue influencing the model’s predictions,
highlighting the interpretability of the approach.'?* Such findings underscore the potential of end-to-end deep learning
models to capture complex genotype-phenotype relationships embedded in histopathological images.

Similarly, deep learning applied to DCE-MRI has been utilized to predict lymph node metastasis and to associate
imaging phenotypes with gene expression profiles. A study combining radiomics and deep learning features from DCE-
MRI constructed nomograms that achieved high predictive performance for LNM (training cohort AUC = 0.98;
validation cohort AUC = 0.87). Importantly, the deep learning phenotypes were linked to multiple classical tumor
signaling pathways, including immune response and cell death, and a gene expression score derived from these
phenotypes was strongly associated with high LNM risk (odds ratio = 164.00, P < 0.001).*° This integrative approach
not only enhances prediction accuracy but also provides biological interpretability, bridging imaging features with
molecular mechanisms.

The integration of multimodal data — combining imaging, clinical, and genomic information — further improves the
predictive power of end-to-end models. For example, a multi-modal deep learning framework that incorporated H&E-
stained WSIs, clinical data, and gene expression profiles achieved an AUC of 0.75 in predicting breast cancer recurrence
and metastasis risk, outperforming models based on single data types. This approach utilized attention mechanisms to
weight different image regions, integrating them with genomic and clinical features for comprehensive risk
stratification.'*® The synergistic use of diverse data modalities allows the model to capture complementary aspects of
tumor biology, thereby enhancing prognostic precision.
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In addition to mutation and expression prediction, end-to-end models have been applied to infer homologous
recombination deficiency (HRD) status directly from routine histology images. Using attention-weighted multiple
instance learning (attMIL), models achieved AUROCs up to 0.78 in breast cancer cohorts and demonstrated
generalizability across multiple tumor types, indicating a shared HRD-like phenotype observable in histopathology.
This capability suggests that deep learning models can uncover pan-cancer genomic features from imaging data,
potentially guiding therapeutic decisions such as PARP inhibitor eligibility.'**'*> The cross-cancer applicability
highlights the robustness and translational potential of these models.

Despite the promising results, challenges remain in model generalization and interpretability. Studies have
noted that deep learning models trained on specific datasets or imaging modalities may exhibit reduced perfor-
mance when applied to external cohorts due to data heterogeneity and variations in imaging protocols. However,
approaches such as transfer learning, multi-cohort training, and incorporation of explainable Al techniques are
being developed to address these issues. Visualization of activation maps has been used to explore the biological
significance of deep learning radiomic phenotypes in breast cancer lymph node metastasis prediction.**'** Future
work focusing on model robustness and interpretability is essential for clinical translation.

In summary, end-to-end genomic prediction models leverage deep learning to directly infer gene mutations, expression
profiles, and pathway activities from breast cancer imaging data. By integrating multimodal information and employing
advanced architectures, these models achieve high predictive accuracy and provide biologically meaningful insights. Their
development marks a significant advance toward noninvasive, image-based genomic profiling, offering potential for
personalized diagnosis, prognosis, and treatment planning in breast cancer care. Continued research is warranted to validate

these models across diverse populations and imaging platforms to ensure broad clinical utility (Figure 3).

Three Core Applications of Deep Learning in Breast Cancer Radiomics

1. Automated Feature 2. Multimodal Imaging 3. End-to-End Genomic
Learning & Representation Data Fusion Prediction Model

Benign vs. Typical Case
Transfer Mallgnar;t ; (annotation 1,2)
14

Representative
Cases (1,12-3)

Learning
Benign
% Pre-trained (o
O veights ' MRI \Attention 2%
Malignant = mutation
—> | Fusion |—» —>
Ultrasound Molecular E
Digital CNN v{b Early/Mid/Late|  Subtype Digital CNN  Attention | Gene expression
breast tumor } — 5 Fusion + Prediction breast MIL £ &m:ﬂi_ :
image VAV i image ene Mutation
i /\\‘W alicog g Gene Expression
Lymph Node Prediction

Metasta?is) Mammography
17

Microenvironment
Markers

Microenvironment
Markers

Tumor Cell
Molecular Features

(11,8)

Gene Mutation /

Clinical Goal: Early/Mid/Subtype Prediction | Clinical Goal: Gene Expression Prediction

Clinical Goal: Benign vs. Malignant (19)

Image-level Analysis of Breast Tumor Tissue Image-level Analysis of Breast Tumor Tissue Image-level Analysis of Breast Tumor Tissue

Figure 3 Schematic diagram of three core applications of deep learning in breast cancer radiomics. This three-panel schematic summarizes the three core applications of
deep learning in breast cancer radiomics: (I) Automated feature learning and representation (technology: CNN/transfer learning; clinical goal: benign/malignant differentia-
tion, lymph node metastasis prediction); (2) Multimodal imaging data fusion (technology: early/mid/late fusion, attention mechanism; clinical goal: molecular subtype
prediction); (3) End-to-end genomic prediction model (technology: CNN/Attention MIL; clinical goal: gene mutation/gene expression profile prediction). Each panel includes
technical principles, clinical goals, and typical cases with reference annotations.
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Correlation Analysis Between Imaging Features and Genomic
Heterogeneity

Association Between Imaging Features and Gene Mutations

The relationship between imaging phenotypes and gene mutations in breast cancer has garnered increasing attention,
particularly focusing on key genes such as BRCA1/2 and TP53, which are pivotal in hereditary breast cancer syndromes
and tumor progression. Radiogenomic studies have demonstrated that imaging features extracted from modalities like
ultrasound, MRI, and mammography can reflect underlying genetic alterations, thereby providing non-invasive biomar-
kers for mutation status prediction and personalized treatment planning. For instance, ultrasound-based radiomics models
have been developed to predict germline BRCA mutations with promising accuracy. In a retrospective study involving
497 breast cancer patients who underwent germline BRCA genetic testing, radiomic features extracted from intratumoral
and peritumoral ultrasound regions were combined with clinicopathological factors to construct a nomogram. This model
achieved an area under the receiver operating characteristic curve of 0.824 in the validation cohort, outperforming the
clinicopathological model alone.'?® Similarly, another study using ultrasound images and radiomics features selected via
multivariate logistic regression identified 10 significant features predictive of BRCA1/2 mutation, with the combined
nomogram model reaching an AUC of 0.811 in validation, highlighting the complementary value of imaging and clinical
data.'?’

Beyond BRCA mutations, TP53 and other high- and moderate-risk genes such as CHEK2, PALB2, and PTEN have
been implicated in breast cancer pathogenesis, with distinct imaging phenotypes reported. Radiologists play a crucial role
in recognizing these phenotypes and integrating genetic risk into screening protocols. Imaging features such as internal
enhancement patterns on MRI and spiculated margins have been associated with pathogenic mutations and may predict
recurrence or metastasis risk.'**'?* Moreover, radiogenomic frameworks that analyze multi-angle ultrasound images in
conjunction with gene mutation data have been proposed to capture complex many-to-many associations between
imaging and genetic features across breast cancer subtypes, facilitating biological interpretation and targeted therapy
development.'*°

Statistical and machine learning methods have been instrumental in elucidating these associations. Techniques such as
least absolute shrinkage and selection operator regression, maximum relevance minimum redundancy (mRMR) feature
selection, and deep convolutional neural networks (DCNNSs) have been employed to identify imaging features most
relevant to genetic mutations. For example, a DCNN model based on ultrasound images effectively predicted PIK3CA
mutation status with an AUC of 0.775, outperforming classical machine learning models.'*' Additionally, deep learning
applied to whole-slide histopathology images has enabled prediction of BRCA gene mutations, with AUCs reaching up
to 0.828, further underscoring the potential of integrating imaging and molecular data through advanced computational
approaches.'*?

Furthermore, multiview nonnegative matrix factorization (MVNMEF) has been introduced as a novel method for radio-
multigenomic analysis, linking dynamic contrast-enhanced MRI radiomic features with multi-omics data including DNA
copy number alterations, mutations, and mRNA expression. This approach not only improved survival prediction in
breast cancer patients but also enhanced understanding of the biological mechanisms underlying imaging phenotypes.'**
Such integrative models highlight the evolving landscape where statistical and machine learning frameworks bridge
imaging biomarkers and genomic heterogeneity.

In addition to mutation prediction, radiomics and radiogenomics provide insights into the tumor microenvironment
and immune landscape. For example, the abundance of gamma-delta (y5) T cells, which have antitumor roles in triple-
negative breast cancer, has been correlated with MRI radiomic features, suggesting that imaging can non-invasively
estimate immune cell infiltration and potentially guide immunotherapy.”® This demonstrates the multifaceted utility of
imaging-genomic associations extending beyond mutation status to encompass broader tumor biology.

Collectively, these findings emphasize that imaging features can serve as surrogate markers for key gene mutations
such as BRCA1/2 and TP53 in breast cancer. The integration of statistical methods and machine learning algorithms
enhances the detection and interpretation of these associations, facilitating risk stratification, prognostication, and
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personalized therapy. Imaging-genomic correlation studies have demonstrated predictive capabilities for genetic muta-

tions and prognosis in breast cancer, with ongoing methodological advancements,'?%:127:133

Imaging Features and Tumor Immune Microenvironment

The tumor immune microenvironment (TIME) plays a critical role in cancer progression and response to immunothera-
pies. Radiomics, by extracting quantitative imaging features, offers a non-invasive window into the complex interactions
within the TIME, particularly immune cell infiltration and immune-related molecular pathways. Several studies have
demonstrated significant correlations between radiomic features and immune cell infiltration levels, including tumor-
infiltrating lymphocytes (TILs) and CD8+ T cells, which are pivotal for antitumor immunity.

In breast cancer, radiomic models derived from dynamic contrast-enhanced magnetic resonance imaging have been
successfully developed to predict immune cell infiltration. For example, a study on triple-negative breast cancer utilized
radiomic features to non-invasively estimate TIL levels, achieving an area under the curve of 0.79 in validation cohorts.
This radiomic signature correlated with transcriptomic data indicating activated immune-related pathways and increased
infiltration of CD8+ T cells, follicular helper T cells, and memory B cells in tumors with high radiomic-predicted TILs,
reflecting a “hot” immune microenvironment.'** Similarly, machine learning-based radiomics models have predicted
STAT3 expression, a key regulator of immune suppression, in breast cancer, with high radiomic scores linked to elevated
immune-related gene signatures and longer overall survival, further underscoring the capacity of imaging features to
characterize immune microenvironment phenotypes.'*’

The relationship between imaging texture features and immune infiltration extends beyond breast cancer. In non-small
cell lung cancer (NSCLC), radiomic signatures from computed tomography (CT) and PET/CT scans have been
associated with CD8+ T cell expression and immune-inflamed tumor phenotypes. A combined PET/CT radiomics-
clinical model achieved an AUC of 0.93 for predicting CDS8 expression, with higher radiomic scores corresponding to
enhanced immune scores and activated immune pathways.'*® Furthermore, unsupervised clustering of CT radiomic
features in NSCLC identified subtypes with distinct immune microenvironment characteristics, where one subtype
exhibited higher T cell, B cell, and natural killer (NK) cell infiltration and was associated with better immunotherapy
response and survival.'*” These findings suggest that radiomic features can capture the heterogeneity of immune cell
infiltration and may serve as predictive biomarkers for immunotherapy efficacy.

The spatial heterogeneity of immune cells within tumors also influences prognosis and treatment response. Advanced
radiomic analyses integrating multiparametric MRI and deep learning have enabled the prediction of immunophenotypes,
such as immune-inflamed versus immune-desert phenotypes, in breast cancer. A machine learning-based radiomics
signature distinguished these phenotypes with an AUC of approximately 0.85 and predicted response to anti-PD-1/PD-L1
immunotherapy.'*® Radiomic features extracted from both intratumoral and peritumoral regions have shown diagnostic
efficacy in evaluating immune cell infiltration levels, with peritumoral features often demonstrating higher accuracy,
reflecting the importance of the tumor microenvironment beyond the tumor core.'*’

Radiomics also holds promise in predicting the tumor immune microenvironment in other cancers. In hepatocellular
carcinoma (HCC), radiomic subtypes derived from contrast-enhanced CT scans correlated with immune-related pathways
and immune cell infiltration patterns, with associations to prognosis.'*®'*! In murine tumor models, radiomics combined
with immunological analyses has been utilized to non-invasively assess immune cell infiltration dynamics.'**'4?

The integration of radiomics with transcriptomic and single-cell sequencing data facilitates the biological interpreta-
tion of imaging features, linking them to immune cell populations and immune checkpoint expression. Radiomic features
associated with macrophage infiltration and T cell exhaustion have been identified in glioma and breast cancer tumor
microenvironments, providing insight into immune suppression mechanisms.'**'*> Radiomics combined with deep
learning and machine learning algorithms enhances feature extraction and model robustness, with applications in
tumor classification and microenvironment characterization.'*%-'4”

Overall, radiomics offers a powerful, non-invasive approach to assess the tumor immune microenvironment by
capturing imaging features reflective of immune cell infiltration, immune activation status, and immune suppression.
These imaging biomarkers have the potential to guide immunotherapy decisions, predict treatment response, and enable
personalized cancer management.

18 https: Breast Cancer: Targets and Therapy 2026:18



Yi et al

Summary

Radiomic imaging features quantitatively reflect the heterogeneity and composition of the tumor immune microenviron-
ment across multiple cancer types. By correlating with immune cell infiltration, immune-related gene expression, and
immunotherapy response, radiomics provides a non-invasive biomarker platform that bridges tumor phenotypes and
immune status. Integrating radiomics with multi-omics data and advanced machine learning enhances the interpretability
and predictive accuracy of these models, paving the way for precision oncology approaches that tailor immunotherapy
and other treatments based on individual tumor immune profiles.

Integration Analysis of Imaging Features and Gene Expression Profiles

The integration of imaging phenotypes with genomic data has emerged as a pivotal approach to unravel the complex
biological underpinnings of breast cancer heterogeneity and to enhance predictive accuracy for clinical outcomes. One
fundamental aspect of this integration is elucidating the correspondence between gene expression subtypes and imaging
phenotypes derived from modalities such as dynamic contrast-enhanced magnetic resonance imaging and computed
tomography. Studies leveraging deep learning radiomics have demonstrated that imaging features extracted from DCE-
MRI can predict lymph node metastasis with high accuracy, and these imaging phenotypes correlate with specific gene
expression signatures and biological pathways associated with immune response, signal transduction, and cell death.*’
This correspondence underscores that imaging phenotypes are not mere visual surrogates but reflect intrinsic molecular
characteristics of tumors.

Moreover, the PAMS50 intrinsic molecular subtypes of breast cancer, defined by gene expression profiles, have been
found to associate significantly with certain MRI-based radiomic features such as maximum 2D diameter, degree of
correlation, and inverse difference moment normalized. Although the correlations are modest, these imaging features
provide noninvasive biomarkers that reflect underlying molecular heterogeneity.'*® Such associations facilitate the
stratification of patients into biologically relevant subgroups using imaging data, potentially reducing the need for
invasive biopsies.

Beyond single-modality correlations, multi-omics data fusion strategies have been developed to integrate radiomics
with transcriptomics and other genomic data, enhancing the predictive power for prognosis and therapeutic response.
Multimodal deep learning frameworks combining gene expression and clinical variables have outperformed models
based on any single data type in predicting survival outcomes in breast cancer patients.'**"'>° These frameworks employ
advanced architectures such as multimodal transformers and deep bilinear networks to capture complex intra- and inter-
modality relationships, enabling more nuanced modeling of tumor biology.

In breast cancer, radiogenomics nomograms integrating radiomics signatures with immune-related gene expression
profiles have shown promising performance in predicting axillary lymph node metastasis, with underlying gene modules
enriched in pathways related to metastasis, such as focal adhesion and extracellular matrix (ECM) receptor interaction.'>'
This integrative approach not only improves prediction accuracy but also elucidates biological mechanisms driving
radiomic phenotypes, supporting the hypothesis that imaging features are manifestations of specific molecular alterations.

Additionally, spatial-temporal radiogenomics approaches have been proposed to capture dynamic changes in imaging
features and their biological significance during neoadjuvant chemotherapy, providing insights into tumor heterogeneity
and treatment response.'>* By correlating imaging alterations with gene expression profiles before and after therapy,
these methods enable the identification of temporal biomarkers that reflect evolving tumor states.

The integration of imaging and gene expression data also extends to the characterization of the tumor microenviron-
ment. Al-driven interpretable imaging phenotypes derived from DCE-MRI have been linked to molecular signatures
including hormone receptor status and immune checkpoint protein expression, demonstrating superior prognostic value
compared to traditional radiomics or black-box deep learning models.* These findings suggest that imaging features can
serve as proxies for complex molecular interactions within the TME, facilitating noninvasive assessment of tumor
biology.

From a methodological perspective, multi-omics data fusion strategies involve various levels of integration, including
early fusion (combining raw data), intermediate fusion (combining extracted features), and late fusion (combining model
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outputs). Late fusion models have been shown to achieve superior generalizability and interpretability in survival
prediction tasks by effectively leveraging complementary information from histopathology images, omics data, and
clinical data.'*® Furthermore, emerging quantum-classical hybrid frameworks have been explored to enhance feature
selection and integration efficiency in radiogenomic analyses, achieving high diagnostic accuracy in breast cancer.'"”

Inferences drawn from these integrative studies indicate that radiomic features can serve as noninvasive biomarkers
reflecting gene expression profiles and molecular subtypes, thereby bridging the gap between imaging phenotypes and
tumor genomics. This integration facilitates personalized treatment planning, risk stratification, and monitoring of
therapeutic response. However, the strength of these associations may vary depending on imaging modalities, tumor
subtypes, and analytical methods, highlighting the need for standardized protocols and larger multi-center validation
cohorts to establish robust radiogenomic biomarkers.

In summary, the integration of imaging features with gene expression profiles through advanced multi-omics fusion
strategies holds significant promise for advancing precision oncology in breast cancer (Figure 4). By capturing the
complex interplay between tumor morphology and molecular heterogeneity, these integrative approaches provide

comprehensive insights that can improve diagnosis, prognostication, and individualized therapy selection,**-'48:14%:151.152

Clinical Applications and Challenges

Application of Radiogenomics in Breast Cancer Diagnosis

Radiogenomics integrates imaging phenotypes with genomic profiles, offering a non-invasive approach to characterize
breast cancer molecular subtypes and heterogeneity. This approach leverages advanced imaging modalities such as
dynamic contrast-enhanced magnetic resonance imaging, ultrasound, and mammography to extract quantitative radiomic
features that reflect underlying tumor biology. These imaging features are then correlated with genomic data, including
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gene expression, mutations, and multi-omics profiles, to develop predictive models for breast cancer diagnosis and
classification.

One of the key applications of radiogenomics in breast cancer diagnosis is the non-invasive prediction of molecular
subtypes. Breast cancer comprises distinct molecular subtypes—such as luminal A, luminal B, HER2-positive, and triple-
negative breast cancer —each with unique prognostic and therapeutic implications. Radiogenomic studies have demon-
strated that specific radiomic features extracted from MRI or ultrasound can differentiate these subtypes with moderate to
high accuracy. Machine learning models trained on radiomic features have been used to distinguish triple-negative breast
cancer subtypes from others, indicating that imaging phenotypes capture subtype-specific biological variations.'>*'>*
Furthermore, deep learning approaches applied to multiparametric MRI have successfully decoded gene-phenotype
associations, enabling prediction of receptor status such as estrogen receptor (ER), progesterone receptor (PR), and
HER2 with AUCs around 0.65 to 0.70, thus supporting the feasibility of imaging-based genomic inference.'’

Radiogenomics also enhances early diagnosis and risk assessment by linking imaging features with genetic alterations
and tumor microenvironment characteristics. Studies integrating radiomic signatures with transcriptomic and proteomic
data have identified imaging biomarkers associated with tumor heterogeneity, immune suppression, and metabolic
pathways. For example, peritumoral heterogeneity quantified by radiomics correlates with immune evasion mechanisms
and fatty acid synthesis in TNBC, serving as a prognostic factor for recurrence-free and overall survival.'>* Additionally,
radiogenomic models combining MRI features and gene expression data have improved prediction of axillary lymph
node metastasis (ALNM), a critical factor in staging and treatment planning, with AUCs exceeding 0.80 in validation
cohorts.'% 15! These models reveal that radiomic phenotypes are driven by biological pathways involved in metastasis,
such as focal adhesion and extracellular matrix interactions, underscoring the biological relevance of imaging features.

The integration of multi-omics data with radiomics further refines diagnostic accuracy and biological interpretability.
Approaches employing multiview nonnegative matrix factorization have linked dynamic contrast-enhanced MRI features
with DNA copy number alterations, mutations, and mRNA expression, enhancing survival prediction beyond imaging or
genomics alone.'*® Deep learning-based radiomic features extracted via autoencoders demonstrate stronger associations
with genomic risk genes and biological pathways than traditional handcrafted features, yielding superior performance in
predicting clinical characteristics like tumor size, lymph node status, and receptor expression.’’ This highlights the
potential of advanced computational methods to capture complex tumor biology from imaging data.

Moreover, radiogenomics offers promise in early risk stratification and personalized screening. Artificial intelligence
(AI) models integrating imaging and genomic data can stratify patients by risk, facilitating tailored screening protocols
and early intervention strategies.'>® The non-invasive nature of radiogenomics circumvents limitations of biopsy-based
molecular testing, reducing patient burden and enabling longitudinal monitoring of tumor evolution and treatment
response.'>” This is particularly valuable given the heterogeneity of breast cancer and the challenges in obtaining
representative tissue samples.

Despite these advances, challenges remain in standardization, data harmonization, and clinical translation. Variability
in imaging protocols, feature extraction methods, and genomic data integration can affect model reproducibility and
generalizability. Large-scale, multi-institutional studies with diverse populations are needed to validate radiogenomic
biomarkers and define their clinical utility. Enhancing the interpretability of radiogenomic models is an important
consideration in their development.*®!>°

In summary, radiogenomics is transforming breast cancer diagnosis by providing non-invasive molecular subtype
prediction and early risk assessment through integration of imaging and genomic data. The synergy between advanced
imaging analytics, multi-omics integration, and Al-driven modeling holds promise for precision diagnostics that can
guide individualized patient management. Continued methodological improvements and validation efforts will be pivotal
in realizing the full clinical potential of radiogenomics in breast cancer care (Figure 5).

Radiogenomics Guiding Personalized Therapy

Radiogenomics has emerged as a pivotal tool in the realm of personalized oncology, particularly in guiding targeted
therapy and immunotherapy by linking imaging phenotypes with underlying molecular and genetic tumor characteristics.
This integrative approach enables non-invasive, spatially resolved insights into tumor heterogeneity, which is crucial for
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selecting and optimizing individualized treatment regimens. For instance, in glioblastoma, radiogenomic markers have
been identified that correlate with key molecular alterations such as MGMT methylation status, IDH mutations, and
EGFR amplification, which are known to influence prognosis and therapeutic response.'>® These imaging-genomic
correlations facilitate stratification of patients into risk groups and can predict recurrence, thereby informing clinical
decisions on aggressive versus conservative treatment strategies.

In breast cancer, radiogenomic testing platforms like Oncotype DX and MammaPrint have revolutionized risk
stratification and treatment planning by integrating genomic signatures with imaging features. However, the psycholo-
gical impact of such testing, including anxiety and decision conflict, underscores the necessity for comprehensive patient
education and counseling to support personalized medicine effectively.'”® Advanced imaging combining dynamic
contrast-enhanced MRI radiomics with deep learning features enables early prediction of pathological complete response
to neoadjuvant therapy.'®® These predictive capabilities allow for timely treatment adjustments, minimizing exposure to
ineffective therapies and associated toxicities.

Targeted therapies and immunotherapies benefit significantly from radiogenomic insights that reveal tumor micro-
environment characteristics, such as immune infiltration and metabolic activity. For example, in clear cell renal cell
carcinoma, radiomic models have been linked with immunometabolic subtypes that predict immunotherapy responsive-
ness, highlighting the crosstalk between metabolism and immune activity.'®' Similarly, in non-small cell lung cancer,
integration of PET/CT radiomics with glucose metabolism-related gene signatures has led to prognostic models that not
only stratify patients by survival risk but also inform on immune checkpoint expression and potential drug sensitivities,
thereby guiding personalized treatment selection.'®

Radiogenomics also plays a critical role in head and neck cancer, where radiogenomic markers derived from hybrid
imaging and whole-exome sequencing enable risk stratification by inferring mutational pathway states, including cellular
senescence pathways. These integrated markers outperform prognostic models based solely on genetic or imaging data,
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facilitating the identification of high-risk patients who may benefit from intensified or targeted therapeutic
interventions.'®® Furthermore, the combination of advanced imaging modalities with radiogenomics has been proposed
to identify radioresistant tumor regions, allowing for dose escalation and precision radiotherapy tailored to individual
tumor biology.'®*

In the context of immunotherapy, radiogenomics contributes to the identification of biomarkers predictive of response
by characterizing tumor heterogeneity and the immune microenvironment dynamically and non-invasively. Al-driven
analyses of radiomic features extracted from imaging modalities such as CT, MRI, and PET/CT can uncover imaging
biomarkers associated with tumor heterogeneity and treatment response, enabling real-time monitoring and personalized
therapeutic strategies.'®® This integration is particularly valuable given the complex interplay between tumor genomics,
immune modulation, and treatment efficacy.

The predictive power of radiogenomics extends to monitoring treatment response and prognosis. For example, in
breast cancer patients undergoing neoadjuvant therapy, combining radiomic and deep learning features from multiple
imaging phases has yielded models with high predictive accuracy for therapeutic outcomes, supporting personalized
treatment planning.'®® Similarly, in gliomas, radiogenomic signatures derived from multiparametric MRI and genomic
data enable the prediction of oncogenic signaling pathway deregulations, which can inform targeted therapy decisions
and improve patient outcomes.'®°

While radiogenomics holds great promise for guiding personalized therapy, challenges such as the need for
methodological standardization, prospective validation, and integration into clinical workflows remain. The heterogeneity
of data sources, imaging protocols, and patient populations necessitates rigorous multi-institutional studies to confirm the
robustness and generalizability of radiogenomic biomarkers. Advancements in Al, machine learning, and multi-omics
integration hold potential to facilitate the translation of radiogenomics into clinical practice, though challenges remain.'¢’

In summary, radiogenomics serves as a critical bridge between imaging phenotypes and genomic heterogeneity,
offering valuable biomarkers for targeted therapy and immunotherapy selection, predicting treatment response, and
assessing prognosis. By enabling a non-invasive, comprehensive characterization of tumor biology, radiogenomics
enhances the precision of personalized oncology and supports dynamic treatment adaptation tailored to individual patient

profiles.

Current Technical and Clinical Challenges

The integration of radiomics and deep learning into breast cancer imaging and management holds great promise, yet
several technical and clinical challenges must be addressed to realize their full potential (Table 2). One of the foremost
technical issues is the heterogeneity of data and the need for standardization. Medical imaging data used for radiomic and
deep learning analyses often come from diverse sources, including different imaging modalities (eg., MRI, mammo-
graphy, ultrasound), various acquisition protocols, and multiple centers. This variability can introduce inconsistencies in
image quality, resolution, and contrast, which subsequently affect the extracted features and model performance. For
instance, studies have shown that radiomic features can be sensitive to imaging physics parameters such as contrast,
noise, and image sharpness, leading to variability in feature robustness.® Similarly, multiparametric MRI radiomics
performance can significantly decrease when imaging sequences are missing or vary across centers.'®® These factors
complicate the reproducibility and generalizability of radiomic models. Efforts toward harmonization of imaging
protocols and development of robust feature extraction methods that minimize the influence of acquisition variability
are critical. Moreover, large-scale multi-center datasets with standardized imaging and annotation protocols are essential
to train and validate models that are clinically applicable.

Another significant challenge lies in the interpretability of deep learning models and their clinical trustworthiness.
Deep learning approaches have demonstrated performance in predicting breast cancer clinical features, though their
“black-box” nature limits clinicians’ confidence in adopting these tools.’""'>° Explainable Al techniques, including Grad-
CAM visualizations and prototype-guided learning, have been proposed to provide insights into model decision-making
processes.'>!7® For example, interpretable imaging phenotypes derived from deep learning have been linked to

molecular signatures and survival outcomes, enhancing transparency.*’ Despite these advances, achieving a balance
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Table 2 Comparison of Technical and Clinical Challenges and Corresponding Solutions in Breast Cancer Radiomics and Deep

Learning
Challenge Type Specific Issues Targeted Solutions References
Technical challenge Imaging data heterogeneity (differences in Imaging standardization (ComBat Harmonization), robust [68,69]
scanners/acquisition protocols) feature selection

Technical challenge | Poor interpretability of deep learning models XAl (SHAP/Grad-CAM), prototype-guided learning [169,170]

Clinical challenge Insufficient external model validation Multicenter large-sample studies, validation with public [171,172]
datasets (TCIA)

Clinical challenge Low workflow compatibility Development of end-to-end automated platforms, [173,174]

integration with clinical PACS systems
Data challenge Scarcity of annotated data Semi-supervised/self-supervised learning, transfer [78,88]
learning, weak annotation strategies

Ethical challenge Patient data privacy leakage Federated learning, privacy-preserving Al, data [175,176]

anonymization

Notes: This table categorizes challenges in breast cancer radiomics (technical, clinical, data, ethical) and provides targeted solutions: (1) Technical challenges (imaging data
heterogeneity, poor model interpretability) are addressed by image harmonization and explainable Al (SHAP/Grad-CAM); (2) Clinical challenges (insufficient external
validation, low workflow compatibility) are solved by multicenter large-sample studies and integration with clinical PACS systems; (3) Data challenges (scarce annotated data)
are mitigated by semi-supervised/self-supervised learning and transfer learning; (4) Ethical challenges (patient data privacy leakage) are addressed by federated learning and
data anonymization. Solutions are aligned with cutting-edge research in Section 7 of the review, with reference annotations for each entry.

Abbreviations: XAl, explainable artificial intelligence; SHAP, SHapley Additive exPlanations; Grad-CAM, Gradient-weighted Class Activation Mapping; TCIA, The Cancer
Imaging Archive; PACS, picture archiving and communication system.

between model complexity and interpretability remains a challenge. Clinicians require models that not only perform well
but also offer understandable rationales for their predictions to integrate them safely into clinical workflows.

Clinically, a pressing need exists for large-scale, multi-center validation of radiomics and deep learning models before
widespread adoption. Many existing studies are retrospective, single-center, or based on relatively small cohorts, limiting
the assessment of model robustness across diverse patient populations and imaging settings.'”"'”? The scarcity of
publicly available, well-annotated datasets with comprehensive clinical and genomic information hampers external
validation efforts. For instance, although large datasets like The Cancer Imaging Archive (TCIA) provide valuable
resources, expert annotations and harmonized clinical data are often limited.'”®> Multi-center studies that encompass
different ethnicities, imaging devices, and clinical practices are essential to evaluate model generalizability and identify
potential biases. Furthermore, regulatory approval processes demand rigorous validation to ensure safety and efficacy.
Without such validation, the translation of radiomics and deep learning tools from research to routine clinical practice
will remain constrained.

In addition to these challenges, addressing data privacy and ethical concerns is paramount when dealing with multi-
center data sharing and Al model development. Federated learning and privacy-preserving Al frameworks are emerging
as potential solutions to enable collaborative model training without compromising patient confidentiality. However,
these methods require further technical refinement and clinical validation.

Collectively, overcoming data heterogeneity through standardization, enhancing model interpretability to build
clinical trust, and conducting extensive multi-center validations are critical steps toward integrating radiomics and
deep learning into breast cancer care. Research trends in Al and radiomics in breast cancer highlight growing interest

and potential for future clinical applications.'>%!71-177

Latest Research Progress and Technological Innovations

Emerging Deep Learning Architectures and Their Advantages

The rapid advancement of deep learning architectures has significantly impacted radiomics, especially in the context of
complex image analysis tasks such as cancer imaging phenotyping. Among these architectures, Transformer models and
graph neural networks have emerged as powerful tools that offer distinct advantages over traditional convolutional neural
networks in capturing long-range dependencies and relational information, respectively. Transformers, originally devel-
oped for natural language processing, utilize self-attention mechanisms that enable the model to weigh the importance of
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different parts of the input data effectively. This characteristic is particularly beneficial in radiomics, where spatial
heterogeneity and subtle imaging features must be integrated to characterize tumor phenotypes and their underlying
genomic heterogeneity. For instance, Transformer-based fusion models have been successfully applied to integrate multi-
dimensional imaging features, such as 2D and 3D deep learning features along with radiomics and clinical data, leading
to improved performance in lesion bioactivity identification.'”® The ability of Transformers to model complex interac-
tions among diverse feature sets enhances their discriminative power in clinical tasks.

Graph neural networks extend deep learning capabilities by explicitly modeling the relationships among entities
through graph structures. In radiomics, GNNs can represent spatial and functional interactions within tumor microenvir-
onments or brain networks, capturing the intricate connectivity patterns that are often lost in grid-based CNNs. For
example, multi-task graph neural networks have been employed to localize eloquent cortex regions in brain tumor
patients using resting-state fMRI connectivity, demonstrating superior generalization and robustness compared to
conventional machine learning and fully connected deep learning models.'”® The graph-based approach allows for the
incorporation of domain knowledge about anatomical and functional connectivity, which is critical for precise phenotypic
characterization.

Another notable advancement is self-supervised learning, which addresses the challenge of limited annotated medical
imaging data by leveraging unlabeled data to pre-train models. This approach enhances feature representation capabilities
without relying heavily on manual annotations. Self-supervised techniques enable models to learn intrinsic data structures
and patterns, which can be fine-tuned for specific downstream tasks such as tumor segmentation, classification, or
mutation status prediction. Deep learning and machine learning models have been applied to COVID-19 detection from
chest X-ray images, with ongoing research into training strategies.'® This improvement is critical in radiomics, where
the scarcity of large, well-annotated datasets often hampers model generalizability.

The integration of these emerging architectures with radiomics enables the extraction of high-dimensional, biologi-
cally relevant imaging features that reflect tumor heterogeneity and molecular characteristics. For instance, combining
radiomics with Vision Transformer (ViT) architectures has been demonstrated to yield superior predictive performance in
lung adenocarcinoma EGFR mutation status compared to radiomics or deep learning alone.'®' This synergy leverages the
complementary strengths of handcrafted features and learned representations, facilitating a more comprehensive pheno-
typic-genotypic correlation.

In addition to improved accuracy, these architectures offer enhanced interpretability and explainability, which are
paramount for clinical adoption. Attention mechanisms in Transformers and node-level relevance scoring in GNNs provide
insights into which image regions or features contribute most to the model’s decision, aiding clinicians in understanding and
trusting Al-driven diagnostics. For example, attention-based models have been used to identify tumor microenvironment
elements from multiplex-stained images, linking imaging phenotypes to clinical outcomes in breast cancer.'™

Collectively, the adoption of Transformer architectures, graph neural networks, and self-supervised learning in
radiomics represents a paradigm shift toward more accurate, interpretable, and data-efficient models. These advances
facilitate the bridging of imaging phenotypes with underlying genomic heterogeneity, ultimately enhancing personalized
medicine approaches in oncology. Future research is encouraged to explore multimodal data fusion, incorporating
imaging and molecular data within these architectures to further improve predictive capabilities.'®?

In summary, emerging deep learning architectures such as Transformers and GNNs, combined with self-supervised
learning strategies, provide substantial advantages in radiomics by improving feature representation, enabling effective
integration of heterogeneous data, and enhancing model interpretability. Transformer architectures and attention mechan-

isms have advanced genomic and transcriptomic data analysis, providing potential for future applications.'®*

Big Data and Cloud Computing Platform Support

The integration of big data and cloud computing platforms is pivotal for advancing radiomics and deep learning in breast
cancer research. Multi-center data sharing enables the aggregation of diverse imaging and genomic datasets, enhancing
model robustness and generalizability through collaborative analysis. Cloud-based infrastructures facilitate scalable
storage and high-performance computing, significantly accelerating model training and deployment. This synergy allows

Breast Cancer: Targets and Therapy 2026:18 https: 25



Yi et al

researchers to efficiently handle vast heterogeneous data, optimize computational workflows, and rapidly translate
imaging phenotypes into clinically actionable genomic insights.

Integration of Liquid Biopsy and Radiomics in Multimodal Studies

The integration of circulating tumor DNA (ctDNA) analysis with radiomic features extracted from medical imaging
represents a promising frontier in precision oncology, particularly for breast cancer. Liquid biopsy offers a minimally
invasive approach to capture tumor-derived genetic and epigenetic information, including mutations, methylation patterns,
and fragmentomics, which reflect tumor heterogeneity and dynamics in real time. Radiomics, on the other hand, quantita-
tively characterizes tumor phenotypes and microenvironmental heterogeneity by extracting high-dimensional features from
imaging modalities such as mammography, ultrasound, MRI, and PET/CT. Combining these modalities leverages comple-
mentary biological and spatial information, enhancing diagnostic accuracy and personalized treatment strategies.

Several studies have demonstrated the synergistic potential of this multimodal approach. In breast cancer
management, ctDNA provides molecular insights, and radiomics captures morphological and textural heterogene-
ity, representing promising future directions.'®> The complementary nature of these data modalities enables the
development of integrated predictive models that outperform single-modality analyses. Models incorporating deep
learning-based radiomic features from multimodal imaging have shown improved discrimination between benign
and malignant breast lesions.''? Furthermore, the integration facilitates non-invasive monitoring of treatment
response and early detection of recurrence, potentially reducing the need for invasive biopsies.

The development of multimodal biomarkers involves sophisticated machine learning frameworks that fuse data
at different levels, including feature-level fusion and decision-level fusion. Transformer-based fusion models have
demonstrated improved predictive accuracy in biological activity recognition of hepatic cystic echinococcosis by
integrating clinical variables, radiomics, and deep learning features.'’® These models can effectively capture
complex interactions between imaging phenotypes and molecular alterations detected by liquid biopsy. For
example, in gliomas, the combination of MRI radiomics and circulating tumor cell (CTC) parameters has been
explored to achieve non-invasive integrated diagnosis aligned with the 2021 WHO CNS tumor classification,
highlighting the potential to refine molecular subtype prediction preoperatively.'®®

Moreover, the use of artificial intelligence, particularly deep learning algorithms, facilitates the extraction of robust
and high-level features from both imaging and liquid biopsy data, enabling the construction of comprehensive multi-
modal models. Studies in pancreatic cancer have shown that Al-supported radiomics and liquid biopsy technologies
improve early detection and treatment response prediction, highlighting their clinical utility.'®”'®® This integrative
strategy aligns with the goals of precision medicine by providing dynamic, patient-specific insights that guide tailored
therapeutic interventions.

However, challenges remain in standardizing data acquisition, harmonizing multimodal datasets, and validating
models across diverse populations and clinical settings. The heterogeneity of liquid biopsy analytes and imaging
protocols necessitates rigorous methodological frameworks and multicenter collaborations to ensure reproducibility
and generalizability. Additionally, interpretability of Al-driven models is crucial for clinical translation, requiring
transparent algorithms and integration with existing clinical workflows.

In summary, the combined analysis of circulating tumor DNA and radiomic features through advanced Al-driven
multimodal models represents a transformative approach in breast cancer and other malignancies (Figure 6). This
integration enhances the sensitivity and specificity of diagnosis, prognostication, and treatment monitoring, offering
a non-invasive and comprehensive assessment of tumor biology and heterogeneity. Continued research focusing on
standardized protocols, large-scale validation, and real-world implementation will be pivotal in establishing these

multimodal biomarkers as routine clinical tools.'®'%7
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Figure 6 Schematic diagram of cutting-edge technologies and future development directions of breast cancer radiomics. This circular schematic illustrates the development
trend of breast cancer radiomics based on the logic of “core technology innovation — multimodal fusion — clinical translation”. The inner circle shows underlying technical
innovations (emerging deep learning architectures: Transformer/GNN/self-supervised learning; big data and cloud computing); the middle circle displays multimodal fusion
(radiomics + liquid biopsy (ctDNA/CTC), radiomics + multi-omics (genomics/transcriptomics/proteomics)); the outer circle presents clinical translation (personalized
diagnosis and treatment decision system, real-time efficacy monitoring platform, explainable Al clinical translation). Peripheral constraints (ethics/regulations, standardization
system) are annotated to reflect practical clinical implementation considerations, with key references for cutting-edge technologies.

Ethics, Regulations, and Future Prospects

Data Privacy and Ethical Issues

The integration of radiomics and deep learning in breast cancer imaging phenotyping and genomic heterogeneity analysis
introduces critical challenges related to data privacy and ethical considerations. Medical imaging and genomic data are
inherently sensitive, containing personal health information that requires stringent protection measures to prevent
unauthorized access and misuse. The protection of patient privacy is paramount, as breaches can lead to discrimination,
stigmatization, or psychological harm. Advanced Al systems, particularly those employing deep learning, rely on large-
scale datasets that often encompass identifiable patient information embedded within imaging and genetic profiles. Data
protection, privacy, and ethical considerations are critical in Al applications, though specific anonymization and
encryption protocols require further emphasis.'’> The complexity of combining imaging data with genomic information
further amplifies privacy risks, necessitating the development of specialized frameworks that address the unique
vulnerabilities of multi-modal datasets.

Informed consent represents a cornerstone of ethical data use in breast cancer research involving Al technologies.
Patients must be adequately informed about how their imaging and genomic data will be collected, stored, analyzed, and
potentially shared. This transparency fosters trust and aligns with ethical norms that respect patient autonomy. However,
the dynamic nature of Al research, which may involve secondary data use and evolving analytic techniques, complicates
the consent process. Traditional one-time consent may be insufficient, prompting the adoption of dynamic consent
models that allow patients to update their preferences over time. Moreover, data sharing among institutions and
researchers is crucial for enhancing Al model robustness and generalizability, but it must be balanced against privacy
concerns. Ethical considerations in Al applications include privacy and regulatory compliance, with ongoing discussions
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on data sharing and access.'”® The establishment of standardized ethical protocols can harmonize practices across
institutions, promoting responsible data stewardship.

The ethical implications extend beyond privacy and consent to encompass fairness, transparency, and accountability
in Al applications. Biases in training datasets, arising from unbalanced representation of demographic groups or imaging
protocols, can perpetuate health disparities if not rigorously addressed. Ensuring equitable access to Al-driven diagnostic
and prognostic tools is vital to prevent exacerbation of existing inequalities in breast cancer care. Transparency in Al
algorithms, including clear documentation of model development, validation, and limitations, is essential to maintain
clinician and patient confidence. Additionally, mechanisms to identify and attribute responsibility for Al errors must be
established to uphold ethical standards in clinical practice.'”> These considerations highlight the need for multidisci-
plinary collaboration among clinicians, ethicists, data scientists, and legal experts to create comprehensive frameworks
that safeguard patient welfare in the era of Al-enhanced breast cancer management.

The deployment of Al in breast cancer diagnostics and treatment planning also raises questions about the impact on
the healthcare workforce and patient-clinician relationships. While Al can augment radiologists and pathologists by
improving accuracy and efficiency, it should not supplant the critical role of human judgment and empathy. Ethical
frameworks advocate for Al systems that support shared decision-making and preserve patient-centered care. Continuous
monitoring and evaluation of Al tools are necessary to detect unintended consequences and ensure alignment with ethical
principles throughout their lifecycle. The evolving landscape of Al in breast cancer care demands proactive governance
strategies that anticipate and mitigate ethical challenges, thereby fostering sustainable integration of these technologies
into clinical practice.'”® This approach will help maintain public trust and optimize the benefits of Al innovations for
diverse patient populations.

In summary, addressing data privacy and ethical issues is fundamental to the responsible application of radiomics and
deep learning in breast cancer imaging and genomics. Protecting sensitive information, securing informed consent,
ensuring fairness and transparency, and preserving the human element of care are pivotal to harnessing Al’s potential
while upholding ethical standards. Establishing robust, standardized ethical frameworks and regulatory oversight will be
crucial to navigating these challenges and advancing precision oncology.

Regulatory Environment and Clinical Translation Barriers

The regulatory landscape for medical devices, including Al-driven radiomics and deep learning tools in breast cancer
imaging, is a critical factor influencing their clinical translation. Medical device certification involves rigorous evaluation
processes to ensure safety, efficacy, and quality before market approval. Regulatory bodies such as the U.S. Food and
Drug Administration (FDA), European Medicines Agency (EMA), and other national agencies require comprehensive
documentation covering device design, validation, clinical performance, and risk management. Al applications in
medical imaging show promise, though challenges remain in addressing biases and ensuring reproducibility.'®'*° The
complexity of Al algorithms, especially deep learning models, poses unique challenges in regulatory review because
these systems may evolve over time with continuous learning or updates, raising questions about the need for ongoing
validation and post-market surveillance. Furthermore, demographic biases identified in computational pathology models
underscore the necessity for regulatory frameworks to incorporate stratified evaluation to prevent disparities in diagnostic
accuracy among different patient groups.'®' This highlights that regulatory policies must evolve to consider not only
traditional device safety but also algorithmic fairness and transparency.

Clinical trial design for Al and radiomics applications in breast cancer also faces significant regulatory and practical
challenges. Trials must demonstrate not only diagnostic or prognostic accuracy but also clinical utility and impact on
patient outcomes. Al and radiomics applications in breast cancer face challenges including data consistency, technical
reproducibility, and clinical translation.”*'”® Regulatory compliance requires adherence to Good Clinical Practice (GCP)
standards, data privacy laws such as HIPAA or GDPR, and ethical considerations related to Al decision-making
transparency. Moreover, validation studies should include external datasets to assess generalizability and mitigate domain
shifts that can degrade model performance when applied to new clinical settings.'’® The lack of standardized reporting
and evaluation metrics further complicates regulatory approval and clinical acceptance. Hence, a collaborative approach
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involving regulators, clinicians, Al developers, and patients is necessary to establish consensus guidelines that balance
innovation with patient safety and ethical responsibility.

In addition to regulatory and trial design hurdles, the integration of Al-driven radiomics into clinical practice is
hindered by workflow compatibility and interpretability issues. Al adoption in clinical practice faces challenges including
interpretability and workflow integration, with ongoing efforts to improve usability.'”**'”* The black-box nature of many
deep learning models limits clinicians’ ability to understand the rationale behind predictions, which can impede adoption
and raise medico-legal concerns. Efforts to develop explainable Al (XAI) frameworks and transparent algorithms are
ongoing to enhance interpretability and regulatory acceptance.'”® Furthermore, the heterogeneity of imaging devices,
acquisition protocols, and patient populations necessitates robust calibration and continuous performance monitoring to
maintain accuracy and safety post-deployment. These factors collectively represent significant translational barriers that
must be addressed to realize the full potential of radiomics and deep learning in personalized breast cancer management.

The evolving regulatory environment is gradually adapting to the unique challenges posed by Al in medical imaging,
with increasing emphasis on lifecycle management, real-world evidence collection, and adaptive regulatory pathways.
For instance, the FDA has introduced frameworks for Software as a Medical Device (SaMD) that include provisions for
AI/ML-based modifications and continuous learning systems. Technological innovation in Al is rapid, with ongoing
considerations for regulatory frameworks to support clinical translation.'® Collaborative efforts to harmonize interna-
tional regulatory standards and promote data-sharing initiatives are crucial to accelerate validation and approval
processes. Additionally, addressing ethical concerns such as data privacy, informed consent, and algorithmic bias is
integral to regulatory compliance and public trust. Given these challenges, it is anticipated that future regulatory policies
will increasingly require comprehensive demographic and clinical validation to ensure equitable and effective Al
applications in breast cancer imaging.

Overall, the regulatory environment and clinical translation barriers for Al-based radiomics in breast cancer imaging
encompass device certification complexities, stringent clinical trial requirements, workflow integration challenges, and
evolving policy frameworks. Addressing these multifaceted obstacles through interdisciplinary collaboration, transparent
methodologies, and rigorous validation will be essential to bridge the gap between technological advances and routine
clinical use. Continued efforts to standardize evaluation metrics, mitigate biases, and develop explainable models will
facilitate regulatory approval and adoption, ultimately enhancing personalized breast cancer diagnosis and treatment.

Strategies to Promote Clinical Application of Radiogenomics

The clinical translation of radiogenomics in breast cancer faces multifaceted challenges that necessitate strategic
approaches centered on interdisciplinary collaboration and standardization. Radiogenomics integrates imaging pheno-
types with genomic data to characterize tumor heterogeneity and predict clinical outcomes, but the complexity of data
types and analytic methods requires coordinated efforts among radiologists, oncologists, bioinformaticians, and mole-
cular biologists. Establishing standardized protocols for image acquisition, feature extraction, and genomic data proces-
sing is critical to ensure reproducibility and comparability across studies and clinical settings. Variability in radiomic
feature normalization methods can introduce bias and affect analysis in breast cancer studies.'**'** Collaborative
consortia involving imaging device manufacturers, regulatory bodies, healthcare providers, and academic institutions
have been proposed to develop consensus guidelines and shared databases that facilitate multicenter validation and
benchmarking of radiogenomic models.*® Such initiatives can also address data heterogeneity by harmonizing imaging
protocols and genomic assays, thereby enhancing the robustness of predictive models and their acceptance in clinical
workflows.

In addition to technical standardization, education and training are pivotal for the successful integration of radio-
genomics into clinical practice. Radiologists and oncologists must be equipped with foundational knowledge of artificial
intelligence, machine learning, and genomics to interpret radiogenomic outputs effectively and incorporate them into
decision-making processes. Training programs and interdisciplinary workshops can bridge the knowledge gap, fostering
a culture of collaboration and innovation. Moreover, clinical promotion requires demonstrating the added value of
radiogenomics in improving diagnostic accuracy, prognostication, and treatment planning through prospective clinical
trials and real-world evidence. Models combining radiomics and genomic signatures have shown promise in predicting
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axillary lymph node metastasis in breast cancer patients, highlighting the potential of radiogenomics to refine risk
stratification.'®'>! These models, however, need to be validated in diverse populations and integrated with existing
clinical parameters to gain regulatory approval and clinician trust.

Furthermore, addressing ethical, regulatory, and data privacy concerns is essential to facilitate clinical adoption. The
sensitive nature of genomic data and the complexity of Al algorithms necessitate transparent, explainable models that
comply with data protection regulations and ethical standards. Ethical challenges in Al applications include transparency
and trust, with ongoing efforts to develop explainable Al frameworks.'”>'*® Engaging stakeholders, including patients, in
the development and implementation of radiogenomic tools ensures that clinical applications align with patient-centered
care principles.

Finally, leveraging multimodal data fusion approaches that integrate imaging, genomics, clinical, and pathological
information can enhance the predictive power and clinical utility of radiogenomic models. Recent advances in deep
learning and multimodal feature fusion have demonstrated improved diagnostic accuracy and robustness by combining
heterogeneous data sources.”''” These integrative strategies require cross-disciplinary expertise and infrastructure,
underscoring the importance of sustained collaboration and resource sharing.

In summary, promoting the clinical application of radiogenomics in breast cancer hinges on fostering interdisciplinary
collaboration, establishing standardized methodologies, advancing education and clinical validation, ensuring ethical and
regulatory compliance, and embracing integrative multimodal analytics. These strategies collectively pave the way for
radiogenomics to become a transformative tool in precision oncology.

Conclusion

In conclusion, the integration of radiomics with deep learning has emerged as a powerful approach to elucidate the
intricate relationship between breast cancer imaging phenotypes and underlying genomic heterogeneity. From an expert
perspective, this interdisciplinary synergy offers a transformative, non-invasive window into tumor molecular character-
istics that were previously accessible only through invasive tissue sampling. By leveraging systematic workflows and
cutting-edge modeling techniques, these methods have enabled the extraction of subtle yet clinically meaningful genomic
mutations and immune microenvironment features directly from imaging data, thereby advancing the frontier of precision
oncology.

Balancing the diverse research perspectives in this rapidly evolving field requires a nuanced understanding of both the
technological capabilities and the biological complexities involved. On one hand, radiogenomic approaches have
demonstrated remarkable potential to refine diagnostic accuracy, prognostication, and therapeutic stratification in breast
cancer. On the other hand, challenges such as data heterogeneity, lack of standardized imaging and genomic protocols,
and the often “black-box” nature of deep learning models necessitate cautious interpretation and rigorous validation.
Ensuring model explainability and reproducibility remains critical to gaining clinical trust and facilitating integration into
routine workflows.

Moreover, the translation of radiogenomic discoveries into clinical practice is contingent upon addressing ethical,
regulatory, and practical considerations. The development of robust ethical frameworks and regulatory guidelines will be
essential to safeguard patient privacy and data security, while fostering responsible innovation. Additionally, large-scale,
multi-center validation studies are imperative to confirm the generalizability and robustness of radiomic biomarkers
across diverse populations and imaging platforms. Such collaborative, multidisciplinary efforts will accelerate the
maturation of this technology from promising research to reliable clinical tools.

Looking forward, the continued convergence of artificial intelligence, molecular biology, and medical imaging
holds great promise to bridge the gap between phenotypic observations and genomic insights. This precision bridge has
the potential not only to revolutionize breast cancer management by enabling truly personalized treatment but also to
serve as a paradigm for other malignancies. Ultimately, the success of radiogenomics in breast cancer will depend on
harmonizing technological innovation with clinical applicability, ethical responsibility, and collaborative validation—
ensuring that these powerful tools are safely and effectively harnessed to improve patient outcomes in the era of
precision medicine.
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