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Abstract 

Breast cancer molecular subtyping is fundamental to precision oncology, yet current clinical practice depends on 

invasive tissue sampling that inherently fails to capture complete tumor heterogeneity. The convergence of radiomics 

and deep learning with multiparametric magnetic resonance imaging presents a transformative pathway for non-

invasive molecular characterization. This review systematically examines the methodological evolution, current 

capabilities, and translational trajectory of magnetic resonance imaging (MRI)-based radiomics and deep learning for 

breast cancer molecular subtype prediction, with particular emphasis on computational challenges and their solutions. 

We synthesize evidence across four thematic domains: (1) Conventional radiomics feature engineering. (2) Deep 

learning architecture and transfer learning. (3) Integrated multimodal frameworks. (4) Emerging paradigms include 

self-supervised learning and mechanistically interpretable models. Our analysis demonstrates that multimodal 

approaches consistently outperform single-modality models, achieving area under the curve values of 0.850 to 0.960 

for luminal versus non-luminal discrimination, 0.840 to 0.970 for human epidermal growth factor receptor 2 (HER2) 

status prediction, and 0.860 to 0.980 for triple-negative breast cancer identification in recent multicenter studies. 

Nevertheless, substantial challenges persist in data standardization, model generalizability, and clinical deployment; 

these remain the primary barriers to widespread adoption. From a computational perspective, this review identifies that: 

(1) Transfer learning and self-supervised learning are essential for overcoming data scarcity. (2) Intermediate fusion 

strategies offer the optimal balance between performance and interpretability for multimodal integration. (3) Current 

explainable AI methods, while valuable, provide post-hoc explanations rather than inherently interpretable reasoning, 

which limit clinical trust. Future research must prioritize robust external validation, development of inherently 

interpretable models, and exploration of foundation models to accelerate clinical translation. By systematically 

mapping computational challenges and solutions, this review establishes a methodological roadmap for developing 

clinically trustworthy deep learning radiomics models in breast cancer. 
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Introduction 

Breast cancer remains the most prevalent malignancy 

among women worldwide and the leading cause of 

cancer-related mortality in this population, with an 

estimated 2.300 million new cases and 670,000 deaths 

annually according to 2022 data [1]. The disease exhibits 

profound biological heterogeneity, manifesting as 

distinct molecular subtypes, including luminal A, 

luminal B, HER2-positive, and triple-negative breast 

cancer (TNBC), each associated with divergent clinical 

behaviors, treatment responses, and prognostic outcomes 

[2]. This molecular classification, grounded in the 

expression of estrogen receptor (ER), progesterone 

receptor (PR), human epidermal growth factor receptor 2 

(HER2), and the proliferation marker Ki-67, has become 

the cornerstone of clinical decision-making, guiding 

targeted therapy, endocrine treatment, and chemotherapy 

selection [3]. 

Current clinical practice determines molecular subtype 

through immunohistochemical and in situ hybridization 

analysis of core needle biopsy specimens [4]. However, 
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this approach suffers from fundamental limitations. 

Tissue biopsy is invasive, subject to sampling bias that 

inadequately represents intratumoral heterogeneity, and 

impractical for serial monitoring of treatment response. 

Recent large-cohort studies have demonstrated 

discordance rates of 3.90% for ER, 4.80% for PR, and 

1.20% for HER2 between core needle biopsy and 

surgical specimens, with molecular subtype discordance 

occurring in 344 of 2,099 cases (16.40%), predominantly 

between luminal A and luminal B subtypes [5]. 

Furthermore, biopsies cannot capture the spatiotemporal  

evolution of tumor biology during disease progression or 

therapeutic intervention. These constraints have 

motivated intensive investigation of non-invasive 

approaches capable of comprehensive, repeatable tumor 

phenotyping. 

Magnetic resonance imaging (MRI) has emerged as the 

most sensitive imaging modality for breast cancer 

detection and characterization, offering superior soft 

tissue contrast and functional imaging capabilities [6]. 

Multiparametric MRI (mpMRI) integrates complemen-

tary sequences that probe distinct biological properties: 

dynamic contrast-enhanced (DCE) imaging assesses 

tumor vascular permeability and extracellular volume 

fraction through quantitative analysis of contrast agent 

kinetics [7]. Diffusion-weighted imaging (DWI) 

quantifies apparent diffusion coefficient (ADC) values 

reflecting cellular density and tissue microstructure [8]. 

T2-weighted imaging identifies peritumoral edema as a 

key indicator of tumor invasiveness [9]. Modern MRI 

protocols achieve high spatiotemporal resolution, with 

slice thickness ≤1 mm and temporal resolution ≤10 s for 

DCE-MRI, enabling comprehensive visualization of 

intratumoral heterogeneity and providing a functional 

imaging basis for molecular subtyping. 

Radiomics, an emerging field at the intersection of 

medical imaging and data science, addresses the 

challenge of extracting quantitative, reproducible 

information from these rich imaging datasets [10]. By 

converting medical images into mineable high-

dimensional data, radiomics enables comprehensive, 

non-invasive assessment of tumor characteristics, 

including the quantification of heterogeneity that may 

escape visual assessment by radiologists [11]. Parallel 

advances in deep learning, particularly convolutional 

neural networks (CNNs), have demonstrated remarkable 

capacity for automatic feature learning from raw image 

data, often capturing abstract representations that 

complement handcrafted radiomic features [12]. 

The convergence of radiomics and deep learning, known 

as deep learning radiomics, has emerged as a particularly 

powerful paradigm that leverages the complementary 

strengths of both approaches [13]. From a computational 

perspective, deep learning radiomics represents a novel 

methodological paradigm integrating the interpretability 

and biological plausibility of conventional radiomic 

features with the representational power and automation 

of deep neural networks. This hybrid approach has the 

potential to capture both explicit imaging phenotypes and 

latent patterns imperceptible to human observers [14]. 

Unlike purely end-to-end deep learning approaches, this 

hybrid paradigm explicitly preserves feature-level 

interpretability while benefiting from hierarchical 

representation learning. Recent systematic reviews have 

demonstrated that deep learning models outperform 

traditional machine learning approaches for molecular 

subtype classification. For instance, deep learning 

achieved an area under the curve (AUC) of 0.930 for 

TNBC identification, compared to 0.850 for support 

vector machines, with texture features contributing 

approximately 40.00% to overall model accuracy [15]. 

While several previous reviews have summarized the 

role of radiomics in breast cancer, they often predate the 

widespread integration of deep learning, multimodal 

fusion, and explainable AI (XAI). This review aims to fill 

that gap by systematically evaluating the methodological 

evolution from 2020 to 2026 from a computational 

perspective, with three specific contributions: (1) 

Identifying effective strategies for small-sample learning, 

including transfer learning, meta-learning, and self-

supervised learning, that address the fundamental data 

scarcity challenge in medical imaging. (2) Comparing 

multimodal fusion strategies and establishing best 

practices for integrating heterogeneous data types. (3) 

Critically evaluating explainable AI techniques and their  

limitations in providing clinically meaningful insights. 

We argue that successful translation of deep learning 

radiomics hinges on solving three fundamental 

computational challenges: data scarcity, multimodal 

heterogeneity, and model opacity. These challenges 

directly correspond to critical clinical needs, namely 

robust performance across diverse populations, 

comprehensive tumor phenotyping, and trustworthy 
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decision support. This synthesis of 128 existing studies 

focuses on methodological innovations, clinical 

performance, and translational challenges. 

Literature search and methodology 

Search strategy 

A comprehensive literature search was conducted in 

PubMed, Web of Science, Scopus, and IEEE Xplore 

databases for studies published between January 2020 

and March 2026. The search strategy followed the 

Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) guidelines and was structured 

according to the Population, Intervention, Comparison, 

Outcome, Study design (PICOS) framework [16]. 

The search strategy combined terms related to four core 

concepts: (1) Breast cancer (“breast cancer”). (2) 

Imaging modality (“magnetic resonance imaging” or 

“MRI” or “DCE-MRI” or “diffusion-weighted imaging” 

or “DWI” or “multiparametric MRI”). (3) Computational 

methods (“radiomics” or “texture analysis” or “deep 

learning” or “convolutional neural network” or “CNN” 

or “machine learning”). (4) Molecular subtyping 

(“molecular subtype” or “Luminal” or “HER2” or 

“triple-negative” or “TNBC” or “estrogen receptor” or 

“ER” or “progesterone receptor” or “PR”). 

Inclusion and exclusion criteria 

Studies were included if they met the following criteria: 

(1) Investigated radiomics and/or deep learning 

approaches for breast cancer molecular subtype 

classification using MRI. (2) Reported original research 

with quantitative performance metrics (accuracy, area 

under the curve (AUC), sensitivity, specificity, or F1-

score). (3) Included histopathologically confirmed 

molecular subtypes (ER, PR, HER2, Ki-67) as reference 

standard. (4) Utilized MRI sequences including at least 

one of DCE-MRI, DWI, ADC mapping, or T2-weighted 

imaging. (5) Published in peer-reviewed journals. (6) 

Written in English. 

Exclusion criteria were: (1) Review articles, editorials, 

letters, conference abstracts, case reports, and 

commentaries. (2) Studies with insufficient data to 

extract performance metrics. (3) Studies using non-MRI 

modalities (mammography, ultrasound, CT) exclusively. 

(4) Studies focused on benign-malignant discrimination 

without molecular subtyping. (5) Studies with sample 

size <20 patients. 

Data extraction and synthesis 

For each included study, we extracted: (1) Study 

characteristics (sample size, MRI sequences, patient 

demographics). (2) Methodological details (feature 

extraction methods, machine learning algorithms, 

validation strategies). (3) Performance metrics (accuracy, 

AUC, sensitivity, specificity). (4) Key findings and 

limitations. Data were synthesized narratively, with 

emphasis on methodological trends and comparative 

performance across approaches. 

Radiomics and deep learning techniques for 

molecular subtype classification 

Comparative analysis of radiomics and deep learning 

Radiomics and deep learning represent two 

fundamentally different paradigms for extracting 

phenotypic information from medical images. Table 1 

summarizes their key differences. 

Table 1. Comparison of conventional radiomics and deep learning approaches. 

Aspect Conventional radiomics Deep learning 

Feature origin 
Handcrafted, mathematically defined (e.g., 

texture, shape) 

Automatically learned from data via 

backpropagation 

Interpretability 
High: features have explicit meanings (e.g., 

skewness) 

Low: requires post-hoc explanation 

methods (e.g., Grad-CAM) 

Data efficiency 
Works with small datasets (dozens to 

hundreds) 

Requires large datasets (thousands) for 

training from scratch 

Transferability 
Features are fixed, may not generalize across 

protocols 

Representations can be fine-tuned to new 

domains 

Representation 

capacity 
Limited to predefined formulas Can capture complex, non-linear patterns 

Typical workflow 
Segmentation; feature extraction; feature 

selection; Machine Learning 

End-to-end learning (segmentation + 

classification) 
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Importantly, “deep learning radiomics” is not merely the 

application of deep learning to radiomic problems, but a 

distinct methodological paradigm that seeks to fuse the 

strengths of both approaches. In this paradigm, 

handcrafted radiomic features (with explicit 

mathematical definitions and biological interpretations) 

and deep learning-derived representations (optimized for 

predictive performance through end-to-end learning) are 

integrated within a unified framework. This hybrid 

approach addresses the fundamental limitation of pure 

deep learning (its lack of interpretability) while 

overcoming the representational constraints of 

conventional radiomics, which is limited to predefined 

formulas. As demonstrated in Section 4, such integrated 

frameworks consistently outperform either approach 

alone [17]. These differences make radiomics and deep 

learning complementary. Hybrid approaches that 

combine handcrafted radiomic features with deep-

learned representations consistently outperform either 

alone, as detailed in Section 4. 

Conventional radiomics feature engineering 

Radiomic features are systematically categorized into 

hierarchical classes capturing distinct aspects of tumor 

phenotype [18]. First-order statistics describe the 

distribution of voxel intensities within the tumor volume 

without considering spatial relationships, providing 

summary measures including mean, variance, skewness, 

and kurtosis that reflect global tissue characteristics [19]. 

These features have demonstrated associations with 

cellular density and necrosis: higher skewness (>1.2) in 

TNBC reflects focal necrosis patterns, while HER2-

positive tumors exhibit lower skewness (<0.8). 

Shape-based features quantify three-dimensional 

geometric properties including tumor volume, surface 

area, sphericity, and lobulation index. These features 

relate to growth patterns and invasiveness: Sphericity 

and lobulation index from DCE-MRI and T2-weighted 

MRI jointly predict ER-positive tumor aggressiveness, 

with a higher lobulation index (>0.6) associated with 

more aggressive ER-positive tumors [20]. In TNBC, the 

rim enhancement index is calculated as the ratio of 

peripheral enhancement area to total tumor area on DCE-

MRI. When this index exceeds 0.350, it achieves 94.00% 

positive predictive value, serving as a specific marker for 

this aggressive subtype [21]. 

Texture features constitute the core of heterogeneity 

quantification, characterizing spatial arrangements of 

voxel intensities through various matrix-based 

approaches [22]. Gray-level co-occurrence matrix 

(GLCM)-derived contrast and correlation from DCE-

MRI discriminate HER2-positive subtypes (p<0.001): 

HER2-positive tumors show higher contrast (>150) and 

lower correlation (<0.3) due to uneven vascular 

distribution, whereas HER2-negative tumors exhibit 

lower contrast (<100) and higher correlation (>0.5) [23].  

From DWI, gray-level dependence matrix (GLDM)-

derived skewness parameter effectively differentiates 

TNBC from HER2-positive subtypes, with TNBC 

demonstrating higher skewness (>1.2) due to focal 

necrosis patterns [24]. 

Higher-order features derived from wavelet 

decompositions capture texture patterns at multiple 

spatial scales and frequency bands. Wavelet-transformed 

features from mpMRI capture microstructural details 

invisible in native images: Wavelet-

HHL_GLCM_Entropy from DCE-MRI and T2-

weighted imaging fusion identifies micro-necrosis 

distribution patterns in TNBC with 92.00% sensitivity, 

detecting necrotic foci <2 mm that are imperceptible to 

visual assessment [25]. Recent multicenter studies have 

demonstrated that the optimal peritumoral margin for 

feature extraction is 6 mm, with DCE sequences 

providing the most discriminative power for molecular 

subtype prediction. Table 2 presents representative 

radiomic features with demonstrated molecular subtype 

associations. 

Table 2. Representative radiomic features associated with molecular subtypes. 

Feature 

category 
Feature name 

MRI 

sequence 

Subtype 

association 
Performance metric Reference 

Morphological Lobulation index 
DCE-MRI, 

T2WI 

ER+ 

aggressiveness 
OR>2.500 [20] 

Morphological Rim enhancement index DCE-MRI TNBC PPV=94.00% [21] 

Texture 

(GLCM) 
Contrast DCE-MRI HER2+ p<0.001 [23] 



Scientific Research Bulletin                                                             2026,3(3):1-20 

https://www.wonford.com/ 5 

Feature 

category 
Feature name 

MRI 

sequence 

Subtype 

association 
Performance metric Reference 

Texture 

(GLCM) 
Correlation DCE-MRI HER2− p<0.001 [23] 

Texture 

(GLDM) 
Skewness DWI 

TNBC vs 

HER2+ 
/ [24] 

Higher-order 
Wavelet-

HHL_GLCM_Entropy 

DCE-MRI, 

T2WI 
TNBC Sensitivity=92.00% [25] 

Feature selection and dimensionality reduction 

Radiomic datasets usually contain hundreds or even 

thousands of extracted quantitative imaging biomarkers, 

which leads to extremely high dimensionality of 

radiomic feature sets relative to limited clinical sample 

sizes. This mismatch creates a substantial risk of model 

overfitting and thus necessitates the implementation of 

rigorous, standardized feature selection pipelines before 

model construction. Principal component analysis (PCA), 

a classic unsupervised dimensionality reduction 

algorithm, linearly transforms highly correlated raw 

radiomic features into uncorrelated orthogonal principal 

components, effectively cutting feature dimensions while 

retaining the majority of informative variance embedded 

in the original data. The least absolute shrinkage and 

selection operator (LASSO) regression, by contrast, is a  

supervised regularization method that conducts 

simultaneous feature screening and regression 

coefficient estimation. It automatically eliminates 

redundant low-impact predictors and generates 

parsimonious, compact predictive models with markedly 

improved cross-cohort generalizability. In a previous 

study focused on differentiating luminal from non-

luminal molecular subtypes of breast cancer, radiomic 

features screened via LASSO regression extracted from 

both intratumoral core and peritumoral peripheral ROI 

regions yielded favorable predictive performance, with 

AUC values reaching 0.956 in the training cohort and 

0.896 in independent external validation cohorts [26]. 

Recent innovations include multi-objective feature 

selection using the non-dominated sorting genetic 

algorithm II (NSGA-II), which reduced feature 

dimensionality by 65.00% while maintaining predictive 

performance for ER, PR, and HER2 status prediction. 

This approach achieved HER2 prediction AUC of 0.913 

with 89.19% accuracy on the DBC-MRI dataset, with 

external validation on the independent BreastDM dataset 

confirming generalizability (accuracy 86.16%, AUC 

0.877). The integration of radiomics and deep learning 

features with NSGA-II selection significantly 

outperformed single-modality approaches (p<0.05). 

Deep learning architecture for medical image analysis 

Deep learning, particularly convolutional neural 

networks, has revolutionized medical image analysis 

through hierarchical feature learning [26,27]. Unlike 

traditional radiomics relying on predefined mathematical 

formulae, CNNs automatically discover relevant features 

through end-to-end optimization on training data [28]. 

Early layers learn low-level features such as edges and 

textures, while deeper layers combine these into 

increasingly abstract representations corresponding to 

semantically meaningful patterns. 

In breast cancer imaging, various architectures have been 

employed. Standard CNNs including ResNet, DenseNet, 

and EfficientNet, which were originally developed for 

natural image classification, have been adapted for MRI 

analysis. ResNet architectures incorporating residual 

connections enable training of substantially deeper 

networks by mitigating gradient vanishing [29]. A 

comparative study evaluating multiple architectures for 

molecular subtype classification found that ResNet50 

achieved superior performance for TNBC identification 

(an AUC of 0.965) compared to shallower networks [30]. 

Recent advances include radiomics-guided neural 

networks such as XRadNet. This network employs a two-

head architecture, with one head dedicated to predicting 

molecular subtypes and the other to approximating 

radiomic features [31]. This approach leverages self-

supervised pretraining on synthetic samples to mitigate 

the impact of limited training data, followed by fine-

tuning on downstream real-world datasets. XRadNet 

achieved competitive performance compared to models 

pretrained on ImageNet or medical datasets, 

demonstrating the value of integrating radiomic guidance 
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into deep learning architectures. Table 3 summarizes 

representative deep learning architectures for molecular 

subtype prediction. As shown in Table 3, architectures 

with attention mechanisms (e.g., SEResNet, SEResNext) 

tend to achieve higher performance for ER and HER2 

status prediction, suggesting the importance of capturing 

long-range spatial dependencies. The Ensemble ResNet 

framework demonstrates the value of multi-view feature 

extraction, achieving robust performance across multiple 

centers. 

Table 3. Deep learning architectures for molecular subtype prediction. 

Architecture Task 
Dataset 

size 
Validation type 

Performance 

(AUC) 
Reference 

ResNet50 
TNBC vs non-

TNBC 
162 LOOCV 0.965 [29] 

ResNet34 ER status 922 Internal 0.658 [31] 

SEResNet50 ER status 922 Internal 0.695 [31] 

SEResNext101 HER2 status 922 Internal 0.698 [31] 

Ensemble 

ResNet 
Four subtypes 687 

Multi-center 

external 

0.740-0.840 (LumA), 0.800-

0.810 (TNBC) 
[25] 

XRadNet Four subtypes / 
Internal + 

external 
Competitive with ImageNet [30] 

Note: LOOCV = Leave-One-Out Cross-Validation. “Internal” validation refers to splitting a single dataset into 

training and test sets. “External” validation uses an independent dataset from a different center or population. 

 

Transfer learning for limited medical datasets 

A fundamental challenge in medical deep learning is the 

limited size of typically available datasets, which 

contrasts sharply with the millions of annotated images 

used to train natural image models. Medical imaging 

datasets rarely exceed a few thousand cases, insufficient 

to train deep architectures from scratch without severe 

overfitting. 

Transfer learning addresses this challenge by leveraging 

models pre-trained on large natural image datasets, most 

commonly ImageNet, and adapting them to medical tasks 

[32]. The rationale rests on the observation that early 

visual features (edges, corners, texture primitives) 

learned from natural images generalize across domains, 

while task-specific representations can be fine-tuned on 

limited medical data. This approach has proven 

remarkably effective for breast cancer applications, with 

dedicated medical imaging pre-trained datasets such as 

RadImageNet demonstrating improved performance for 

downstream tasks [33]. 

Two primary transfer learning strategies are employed. 

Feature extraction uses a pre-trained network as a fixed 

feature extractor, passing images through the network 

and using activations from intermediate layers as input to 

a separate classifier. Fine-tuning continues the training 

process on medical data, allowing all or some network 

weights to adapt to the target domain, typically requiring 

more data but potentially achieving superior performance. 

End-to-end deep learning frameworks 

Recent studies have developed end-to-end frameworks 

integrating automatic segmentation and classification. 

Wang et al. proposed an Ensemble ResNet framework 

combining three 2D ResNet branches and one 3D ResNet 

branch for comprehensive feature extraction from 

contrast-enhanced MRI. The framework first employs a 

3D ResU-Net for automatic lesion segmentation (Dice 

scores 0.820-0.860 across three testing datasets and four 

molecular subtypes), followed by ensemble 

classification achieving AUCs of 0.740-0.840 for 

luminal A, 0.680-0.720 for luminal B, 0.730-0.820 for 

HER2-positive, and 0.800-0.810 for TNBC across three 

testing datasets. 

The 3D ResU-Net segmentation model incorporates 

residual modules within the U-Net architecture to 

address degradation issues in deeper networks, 

maintaining high Dice scores while enabling end-to-end 

automation. This represents a significant advance toward 

clinically deployable systems that eliminate manual 

intervention. 

Attention mechanisms and model interpretability 

Transformer architectures and attention mechanisms 

have emerged as powerful alternatives to CNNs, 
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applying self-attention to capture long-range 

dependencies in images. Vision transformers (ViT) 

process images as sequences of patches, enabling 

modeling of global context relationships [34]. Hybrid 

models combining CNNs with attention mechanisms 

have shown promise for breast cancer detection and 

classification [35]. 

Attention mechanisms also enhance model 

interpretability by highlighting image regions that are 

most influential for predictions. Gradient-weighted class 

activation mapping (Grad-CAM) generates heatmaps 

visualizing model focus areas. Studies applying Grad-

CAM to molecular subtype classification have 

demonstrated that models appropriately focus on tumor 

regions, with heatmap patterns correlating with clinical 

observations [36]. For luminal A tumors, models 

primarily attend to intratumoral and tumor margin 

spicules; for TNBC, attention extends to peritumoral 

regions and adjacent skin. 

Recent work integrating convolutional block attention 

modules (CBAM) with DenseNet121 demonstrated that 

attention heatmaps highlighted peritumoral regions as 

critical discriminative features for molecular subtype 

prediction, achieving AUCs of 0.759 for luminal versus 

non-luminal discrimination and 0.668 for TNBC versus 

non-TNBC classification [37]. This further validates the 

biological relevance of peritumoral tissue in molecular 

characterization. 

While Grad-CAM and similar techniques provide 

valuable spatial insights, they have important limitations. 

Grad-CAM’s resolution is constrained by the final 

convolutional layer, often producing coarse heatmaps 

that may miss fine-grained details. SHapley Additive 

exPlanations (SHAP) analysis, though useful for feature 

contribution, becomes computationally prohibitive for 

high-dimensional deep feature spaces. Moreover, these 

methods offer post-hoc explanations rather than being 

inherently interpretable. Their alignment with clinical 

reasoning remains underexplored. Future work should 

focus on developing models that are interpretable by 

design (e.g., concept bottleneck models) and on 

validating explanations against radiologist expertise. 

Multimodal integration and clinical performance 

Rationale for multimodal fusion 

The biological complexity of breast cancer necessitates 

integration of complementary data modalities capturing 

distinct aspects of tumor biology. Imaging provides 

phenotypic information at macroscopic scale; clinical 

parameters offer demographic and pathological context; 

genomic data reveal underlying molecular drivers. 

Multimodal integration leverages synergies between 

these information sources, potentially achieving 

predictive performance unattainable by any single 

modality. 

Empirical evidence strongly supports this rationale. 

Studies consistently demonstrate that multimodal models 

outperform single-modality approaches for molecular 

subtype classification, treatment response prediction, and 

prognosis assessment [38]. A recent study combining 

radiomics and deep learning features from 

multiparametric MRI (mpMRI) achieved an AUC of 

0.960 for predicting Ki-67 expression status, 

significantly outperforming single-sequence models (T1: 

an AUC of 0.830, DWI: an AUC of 0.850, T2: an AUC 

of 0.900, DCE: an AUC of 0.920) with all p values <0.05 

[39]. The magnitude of improvement varies by task but 

typically ranges from 5.00-15.00% in AUC. 

Fusion strategies: Early, intermediate, and late 

integration 

Multimodal fusion strategies are categorized by the stage 

at which information from different modalities is 

combined. 

Early fusion concatenates features from all modalities 

prior to modeling, enabling the learning algorithm to 

discover cross-modal interactions [40]. This approach is 

conceptually straightforward but requires careful 

handling of heterogeneous feature representations and 

scales. For luminal versus non-luminal discrimination, 

early fusion of radiomics and clinical features achieved 

an AUC of 0.956 in training cohorts. Intermediate fusion 

integrates modalities at the feature representation level 

within deep learning architecture. For example, radiomic 

features may be combined with deep learning-derived 

representations in hidden layers, allowing the network to 

learn task-specific multimodal representations. This 

approach has demonstrated superior performance for 

HER2 status prediction, with combined radiomics and 

deep learning features achieving an AUC of 0.913 

compared to 0.850-0.870 for single modalities. 

Late fusion develops separate models for each modality 

and combines their predictions, typically through 

averaging, voting, or meta-learning. This approach offers  
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advantages when modalities have different noise 

characteristics or when interpretability of individual 

models is desired. A systematic evaluation of fusion 

strategies for breast cancer survival prediction using The 

Cancer Genome Atlas (TCGA) data (clinical variables, 

somatic mutations, ribonucleic acid expression, copy 

number variation, micro ribonucleic Acid expression, 

and histopathology images) demonstrated that late fusion 

models consistently outperformed early fusion 

approaches across all modality combinations. Among 

these, the combination of omics and clinical data yielded 

the highest test-set concordance indices, with a 

concordance index (C-index) of 0.730. Explainability 

analyses confirmed that late fusion models captured 

biologically relevant features associated with patient 

survival. Table 4 compares fusion strategies and their 

performance across recent studies, including validation 

details. 

Table 4. Multimodal fusion strategies and performance. 

Fusion 

strategy 
Modalities Task Performance Validation type Reference 

Early fusion Radiomics + Clinical 
Luminal vs non-

luminal 

AUC of 

0.956 
Internal [26] 

Intermediate 
Radiomics + Deep 

features 
HER2 status 

AUC of 

0.913 
External [17] 

Late fusion Omics + Clinical Survival prediction 
C-index of 

0.730 

Internal + 

external 
[39] 

Hybrid MRI + Ultrasound Subtype classification 
Acc of 

85.40% 
Cross-validation [67] 

 

Integrating radiomics and deep learning features 

The integration of handcrafted radiomic features with 

deep learning-derived representations has emerged as a 

particularly effective strategy. Radiomic features capture 

mathematically defined texture properties with clear 

interpretations, while deep features discover statistically 

optimal representations optimized for prediction. These 

feature types provide complementary information, as 

demonstrated by feature importance analysis showing 

that both contribute independently to model performance. 

Wang et al. developed a multiparametric MRI model 

combining radiomics and deep learning features from T1 

weighted imaging (T1WI), DWI, T2 weighted imaging 

(T2WI), and DCE-MRI sequences for predicting Ki-67 

expression status. The mp-MRI model achieved an AUC 

of 0.960, significantly outperforming single-sequence 

models (p<0.05). The model demonstrated strong 

generalization with accuracy, sensitivity, and specificity 

of 0.900, 0.940, and 0.840 respectively on the test set. 

Majidpour et al. systematically compared radiomics-only, 

deep learning-only, and combined approaches for ER, PR, 

and HER2 prediction. Combined features with NSGA-II 

feature selection achieved HER2 prediction AUC of 

0.913 (accuracy 89.19%), ER prediction AUC of 0.790 

(accuracy 77.32%), and PR prediction AUC of 0.770 

(accuracy 76.49%) on the DBC-MRI dataset. External 

validation on the independent BreastDM dataset 

confirmed generalizability (accuracy 86.16%, AUC 

0.877), with the combined approach significantly 

outperforming single-modality models (p<0.05). 

Molecular subtype classification performance 

(1) Luminal versus non-luminal discrimination 

Distinguishing luminal from non-luminal tumors has 

critical therapeutic implications, as luminal tumors 

respond to endocrine therapy while non-luminal 

subtypes require chemotherapy or targeted agents [41]. 

Multiparametric MRI-based radiomics models have 

demonstrated excellent discriminative performance in 

multicenter studies. Yao et al. developed radiomics and 

heterogeneity analysis models based on DCE-MRI for 

discriminating luminal and non-luminal subtypes in 388 

patients. Four tumor heterogeneity parameters (type I, II,  

III curve proportions and heterogeneity index) were 

calculated and normalized. Eight radiomics features 

combined with four heterogeneity-related parameters 

were selected as signatures. Among five machine 

learning models evaluated, logistic regression achieved 

the best performance in the validation set with AUC 

0.930, accuracy 86.94%, sensitivity 87.55%, and 

specificity 86.25% [42]. Huang et al. systematically 

optimized deep learning models for luminal versus non-

luminal classification using multidimensional region of 
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interest (ROI) analysis in DCE-MRI across three centers 

(426 patients). The 2.5-dimensional (2.5D)-based deep 

learning model with 4 mm peritumoral expansion 

achieved optimal performance: AUC 0.808 (training), 

0.766 (validation cohort 1), and 0.799 (validation cohort 

2). Decision curve analysis confirmed clinical utility 

across reasonable threshold probabilities [43]. 

(2) HER2 status prediction 

HER2 status determines eligibility for targeted therapies 

including trastuzumab and pertuzumab. Accurate pre-

treatment HER2 prediction could identify patients for 

neoadjuvant HER2-directed therapy and enable 

monitoring of HER2 evolution during treatment. A 

comprehensive review by Wang et al. examined 

multimodal imaging and advanced quantitative 

techniques for HER2 status prediction, highlighting that 

mpMRI can quantify tumor perfusion parameters 

through DCE-MRI and ADC values via DWI, which are 

closely associated with HER2 expression status [44]. 

Fusco et al. evaluated machine and deep learning 

approaches on radiomics features from DCE-MRI and 

contrast-enhanced mammography, finding that neural 

network models achieved strong performance for 

HER2+ status prediction (AUC of 0.669, sensitivity of 

0.842). The combination of DCE-MRI and CEM features 

provided complementary information for HER2 

characterization. 

Majidpour et al. achieved HER2 prediction AUC of 

0.913 with 89.19% accuracy using combined radiomics 

and deep learning features with NSGA-II feature 

selection. 

(3) Triple-negative breast cancer identification 

TNBC identification is particularly critical given the 

aggressive behavior and limited targeted therapy options. 

Radiomics models have shown exceptional performance 

for TNBC detection, likely reflecting the distinct 

morphological and textural characteristics of these 

tumors [45]. 

Huang et al. achieved AUC 0.965 for TNBC versus non-

TNBC discrimination using multilayer perception with 

comprehensive feature selection (LASSO, Boruta) and 

leave-one-out cross-validation. The wavelet-derived 

texture feature (Wavelet-HHL_GLCM_Entropy) from 

DCE-MRI and T2-weighted imaging fusion emerged as 

the most predictive feature, capturing micro-necrosis 

distribution patterns characteristic of TNBC. 

Wang et al. reported AUC 0.800-0.810 for TNBC 

prediction across three testing datasets using their 

Ensemble ResNet framework with automatic 

segmentation. The model’s attention maps demonstrated 

focus on peritumoral regions and adjacent skin, 

consistent with TNBC’s propensity for local invasion. 

Table 5 summarizes representative studies for molecular 

subtype classification. Several observations emerge: (1) 

Studies with larger sample sizes and multicenter 

validation (e.g., Huang et al., Wang et al.) tend to report 

more robust performance estimates. (2) Models 

incorporating multiple MRI sequences (mpMRI) 

generally outperform single-sequence approaches. (3) 

TNBC identification achieves the highest AUC values 

(up to 0.965), likely reflecting the distinct morphological 

characteristics of this aggressive subtype. 

Table 5. Representative studies for molecular subtype classification. 

Study Year 
Dataset 

Size 
Modality Task Best Model AUC 

Validation 

Type 

Yao et al. [42] 2025 388 DCE-MRI 
Luminal vs 

non-luminal 

Logistic 

Regression 
0.930 Internal 

Huang et al. 

[43] 
2025 426 DCE-MRI 

Luminal vs 

non-luminal 

2.5D DL 

model 

0.766-

0.808 

Multi-center 

external 

Majidpour et 

al. [17] 
2025 / 

MRI + 

Clinical 
HER2 

RF + NSGA-

II 
0.913 External 

Fusco et al. 

[23] 
2025 153 

DCE-MRI + 

CEM 
HER2 

Neural 

Network 
0.669 

Cross-

validation 

Huang et al. 

[29] 
2021 162 mpMRI 

TNBC vs non-

TNBC 
MLP 0.965 LOOCV 

Wang et al. 

[25] 
2025 687 DCE-MRI TNBC 

Ensemble 

ResNet 

0.800-

0.810 

Multi-center 

external 
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Multicenter validation and generalizability 

The ultimate test of predictive models lies in 

performance on external, independent datasets reflecting 

real-world clinical diversity. Many initially promising 

radiomics models have failed to generalize outside 

development institutions, highlighting the critical 

importance of rigorous external validation [46]. 

Recent studies have increasingly prioritized multicenter 

validation. Hong et al. developed a multimodal fusion 

model integrating intratumoral radiomics, peritumoral 

features (9-mm expansion), and deep learning-derived 

patterns from pre-neoadjuvant chemotherapy (NAC) 

MRI in a multicenter cohort from the I-SPY2 trial 

(n=929). The final integrated model demonstrated robust 

performance, achieving AUC 0.888 in internal validation 

and 0.890 in external validation, with high sensitivity 

(>0.910) in both cohorts. Decision curve analysis 

suggested potential clinical utility. 

Chen et al. constructed a multi-region MRI-derived deep 

learning radiomics model to predict pathological 

complete axillary response following neoadjuvant 

chemotherapy in patients with breast cancer, with AUC 

values ranging from 0.876 to 0.911 in external validation 

cohorts and an internal validation AUC of 0.906, while 

the training set yielded an AUC of 0.958 [47]. Time-

dependent texture features related to intratumoral 

heterogeneity were significantly associated with non-

response, highlighting the value of temporal radiomics. 

Huang et al. validated their 2.5D deep learning model 

across two independent external cohorts, demonstrating 

maintained performance with AUCs of 0.766 and 0.799 

compared to 0.808 in training. This systematic evaluation 

of ROI dimensions and peritumoral expansion levels 

provide important guidance for model optimization. 

Table 6 summarizes multicenter validation studies and 

their findings. 

Table 6. Multicenter validation studies. 

Study Centers 
Dataset 

Size 
Task 

Internal 

AUC 

External 

AUC 
Generalizability 

Hong et al. [40] 
Multiple (I-

SPY2) 
929 + 95 pCR prediction 0.888 0.890 Maintained 

Chen et al. [47] 2 212 
Response 

prediction 
0.906 

0.876-

0.911 
Maintained 

Huang et al. 

[43] 
3 426 

Luminal vs non-

luminal 
0.808 

0.766, 

0.799 
Maintained 

Majidpour et al. 

[17] 
2 / HER2 status 0.913 0.877 Slight decrease 

 

Extended clinical applications 

Prediction of treatment response 

Neoadjuvant chemotherapy (NAC) response prediction 

has emerged as a particularly active area for deep 

learning of radiomics research, driven by the clear 

clinical need and availability of well-annotated datasets 

from clinical trials [48]. Achievement of pathological 

complete response (pCR) strongly predicts favorable 

long-term outcomes, yet not all patients benefit from 

NAC [49]. 

A systematic review by Wang and Wei demonstrated that 

deep learning (DL) models outperform traditional 

machine learning (ML) approaches for treatment 

response prediction, particularly in identifying 

aggressive subtypes like TNBC, achieving AUC of 0.930 

compared to 0.850 for SVM. Texture features emerged as 

the most significant predictors, contributing 40.00% to 

overall model accuracy. 

Choudhery et al. demonstrated that pCR predictors are 

subtype specific. In HER2+ tumors, sphericity was 

significantly higher for pCR achievers (p=0.040); in 

luminal tumors, entropy at multiple spatial scales was 

significantly higher (p=0.004-0.047). In TNBC, multiple 

texture features including standard deviation of intensity 

at various spatial scales showed significant associations 

with pCR (AUC up to 0.734) [50]. 

Prognostic stratification and survival prediction 

Beyond molecular subtyping, radiomics models have 

demonstrated capability for predicting long-term 

outcomes including disease-free survival (DFS) and 

overall survival (OS) [51]. These applications leverage 

the relationship between imaging phenotype and 
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underlying tumor biology that drives disease progression. 

Acquaah-Mensah et al. demonstrated that radiomics 

combined with transcriptomics improves prediction of 

breast cancer recurrence, molecular subtype, and grade 

[52]. Using random forest and AdaBoostM1 on over 500 

radiomics features from 922 patients, they identified over 

40 radiomic features with significant associations with 

race, suggesting that radiomics can capture clinically 

relevant biological differences that impact outcomes. 

Yuan et al. developed a multimodal deep feature-based 

patho-radiomic model integrating clinical characteristics, 

pathomic features, deep learning-derived pathological 

features, and mpMRI radiomics for 216 breast cancer 

patients completing NAC [53]. The integrated model 

achieved superior performance compared to single-

modality models, with AUCs of 0.890 (training) and 

0.820 (test) for 5-year OS prediction, and 0.910 (training) 

and 0.870 (test) for 7-year OS prediction. Kaplan-Meier 

analysis confirmed significant stratification, while 

clinical characteristics alone showed inferior 

performance (AUCs of 0.400-0.530). 

Axillary lymph node metastasis prediction 

Preoperative prediction of axillary lymph node 

metastasis is crucial for surgical planning and systemic 

treatment decisions. Romeo et al. developed a machine 

learning-based radiomics model using simultaneous 18F-

Fluorodeoxyglucose positron emission tomography 

(18FDG PET)/MRI for predicting axillary lymph node 

status in breast cancer patients. The model achieved AUC 

0.839 (test set) with sensitivity 67.90% and specificity 

100%, demonstrating that radiomics features extracted 

from primary tumors capture metastatic potential [54]. 

Challenges and future directions 

Data standardization and harmonization 

Despite progress, significant challenges remain in data 

standardization. Feature stability and reproducibility 

remain fundamental concerns, as non-biological variance 

due to acquisition and reconstruction differences can 

obscure true signals or create spurious associations [55]. 

Harmonization techniques such as ComBat adjustment 

have shown promise for mitigating multicenter 

variability, reducing cross-center AUC variability from 

0.150 to 0.060 in recent studies [56]. However, 

standardized acquisition protocols remain preferable 

when achievable. 

International consensus has been reached on key protocol 

parameters: For DCE-MRI, a 3.0 Tesla (3.0T) magnetic 

field strength, gadolinium-based contrast agent dose of 

0.1 mmol/kg, and temporal resolution ≤10 seconds 

significantly improve quantification accuracy (ICC 

≥0.850); for DWI, b-values of 0 and 1000 s/mm² ensure 

consistent ADC calculation (ICC=0.810-0.900); for T2-

weighted MRI, fat suppression techniques (e.g., spectral  

adiabatic inversion recovery) reduce signal interference 

from adipose tissue. The image biomarker 

standardization initiative (IBSI) has made important 

progress in feature definition and computation, 

establishing reference values for commonly used 

radiomic features [57]. Broader adoption of IBSI 

guidelines across the research community is essential for 

facilitating comparability and meta-analysis [58]. 

Beyond these traditional harmonization approaches, 

recent advances in machine learning offer 

complementary strategies for addressing multicenter 

variability. Domain generalization techniques aim to 

learn features that are invariant across different data 

distributions, enabling models trained on one set of 

centers to generalize to unseen centers without 

adaptation. Domain adaptation methods, conversely, 

leverage unlabeled data from target centers to align 

feature distributions during deployment. By building 

robustness directly into the model architecture, these 

approaches address the fundamental limitation of post-

hoc harmonization: its inability to recover information 

lost due to acquisition differences. Early applications in 

breast MRI have shown promise, with adversarial 

domain adaptation reducing performance drops across 

centers by up to 50.00%. The integration of these 

techniques into standard radiomics pipelines represents a 

promising direction for enhancing model generalizability. 

Model interpretability and explainable AI 

The “black box” nature of deep learning models presents 

barriers to clinical adoption, as clinicians appropriately 

hesitate to act on predictions from opaque systems [59]. 

Explainable AI (XAI) techniques, including saliency 

maps, attention mechanisms, and feature visualization, 

are increasingly integrated into deep learning radiomics 

frameworks to provide insight into model reasoning [60]. 

SHAP analysis has emerged as a particularly valuable 

tool for understanding feature contributions at both 

global and individual patient levels [61]. Visualization of 

feature effects enables clinicians to understand prediction 
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drivers for individual cases. Liang et al. demonstrated 

that their XRadNet architecture, through its radiomic 

feature regression head, provides explanations 

interpretable with concepts familiar to radiologists, 

bridging the gap between deep learning predictions and 

clinical understanding. 

Grad-CAM and related visualization techniques provide 

spatial insight into model focus. Wang et al. 

demonstrated distinct attention patterns across molecular 

subtypes, providing mechanistic insight into model 

predictions. 

However, current XAI methods have fundamental 

limitations that must be critically examined from a 

computational perspective: First, there is a fundamental 

conceptual gap between “post-hoc explanation” and 

“model reasoning”. Grad-CAM and similar techniques 

generate heatmaps that highlight regions of interest, but 

they do not reveal the underlying decision-making 

process. This process consists of the sequence of feature 

interactions and abstractions that led to a particular 

prediction. This distinction is critical for clinical 

applications: A model that focuses on the right region 

may still reach its conclusion through spurious 

correlations or confounding factors. 

Second, the resolution limitations of current methods 

constrain their clinical utility. Grad-CAM heatmaps are 

derived from the final convolutional layer and are 

inherently coarse, often failing to capture fine-grained 

pathological details that may be crucial for accurate 

subtyping. This resolution mismatch between 

explanation and clinical reality limits the trust clinicians 

can place in these explanations. 

Third, the computational scalability of XAI methods 

remains problematic. SHAP, while theoretically well-

founded, becomes computationally prohibitive for high-

dimensional deep feature spaces, limiting its practical 

application to models with hundreds or thousands of 

features. 

Fourth, and most importantly, there is no established 

framework for evaluating the quality and clinical 

relevance of explanations. Current evaluation is largely 

qualitative and visual, relying on subjective assessment 

of whether heatmaps “look reasonable”. This is 

insufficient for regulatory approval and clinical 

deployment. Future research must develop quantitative 

metrics for explanation quality, potentially through 

clinician-in-the-loop evaluation studies that measure 

whether explanations improve human decision-making. 

Addressing these limitations requires a paradigm shift 

from post-hoc explanation to inherently interpretable 

models, such as concept bottleneck models (CBMs), 

which offer a promising path forward. By first predicting 

a set of clinically meaningful concepts (e.g., necrosis, 

spiculation, rim enhancement) and then using these 

concepts to make final subtype predictions, CBMs 

provide explanations that align with clinical reasoning by 

design. For instance, a CBM for breast cancer molecular 

subtyping might first predict the presence of peritumoral 

edema, the degree of rim enhancement, and the 

heterogeneity of internal enhancement patterns, all of 

which are concepts familiar to radiologists, and then 

combine these concept predictions to infer the molecular 

subtype. This approach not only makes the model’s 

reasoning transparent but also allows clinicians to 

intervene if a concept prediction seems inconsistent with 

their visual assessment.  

However, CBMs introduce new challenges. First, they 

require annotated concept labels for training, which may 

not be routinely available in clinical datasets. Second, the 

selection of concepts is inherently subjective and may not 

capture all information relevant to the prediction task, 

potentially limiting predictive performance if the concept 

set is incomplete. Third, the bottleneck architecture may 

restrict the model’s representational capacity compared 

to unconstrained deep networks. Future research should 

explore hybrid approaches that combine the 

interpretability of CBMs with the representational power 

of deep networks, such as using concepts as regularizers 

rather than hard bottlenecks, or learning concept 

representations automatically from data while 

maintaining interpretability through attention 

mechanisms. 

Beyond model architecture, there is an urgent need for 

rigorous frameworks to evaluate the quality and clinical 

relevance of explanations. Current evaluation is largely 

qualitative and visual, which is insufficient for regulatory  

approval. We propose several directions for future work: 

(1) Clinician-in-the-loop studies that measure whether 

explanations improve diagnostic accuracy, confidence, 

or efficiency. (2) Quantitative metrics that compare 

explanation heatmaps to pathologically annotated 

regions of interest. (3) Tasks that test whether 

explanations capture causal relationships (e.g., by 
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perturbing input regions highlighted by explanations and 

measuring changes in model output). Developing such 

evaluation frameworks is essential for building the 

clinical trust necessary for widespread adoption of XAI 

systems. 

Small sample learning and meta-learning 

A persistent challenge is the limited availability of 

standardized, well-annotated datasets, particularly for 

specific subtypes or rare response patterns [62]. This data 

scarcity has motivated investigation of advanced 

machine learning techniques designed for small-sample 

scenarios. 

Meta-learning approaches aim to extract generalizable 

knowledge from related tasks that can be rapidly adapted 

to new tasks with limited data. In NAC response 

prediction, meta-learning strategies leverage data from 

multiple cancer types, treatment regimens, or institutions 

to learn feature representations that generalize across 

settings [63]. Recent model-agnostic meta-learning 

(MAML) approaches have demonstrated that learning an 

optimal initialization for fine-tuning can achieve strong 

performance with as few as 10-20 target domain samples, 

a critical capability for rare subtypes or emerging 

therapeutic contexts. 

Self-supervised learning and foundation models 

Self-supervised learning (SSL) has emerged as a 

powerful paradigm for learning robust representations 

from unlabeled data, then fine-tuning for specific 

downstream tasks. SSL approaches have demonstrated 

particular promise in medical imaging, where labeled 

data are scarce but unlabeled images are abundant. 

Foundation models, which are large-scale pre-trained 

models that can be adapted to diverse tasks, represent the 

frontier of deep learning research. Early applications in 

medical imaging have shown that foundation models pre-

trained on massive datasets of chest radiographs or 

mammograms can achieve strong performance across 

multiple tasks with minimal task-specific fine-tuning. 

Development of breast MRI foundation models could 

similarly accelerate progress across segmentation, 

classification, and prediction tasks. Importantly, 

foundation models trained across multiple centers and 

protocols may inherently learn representations that are 

more robust to domain shifts, offering a complementary 

solution to the standardization challenges discussed. 

For example, Azizi et al. demonstrated that a SimCLR-

based self-supervised model pretrained on unlabeled 

chest X-rays achieved comparable or superior 

performance to fully supervised models on multiple 

downstream tasks, including pneumonia detection and 

tuberculosis classification, with only 1.00-10.00% of 

labeled data [64]. Similarly, Ji et al. showed that a 

foundation model pretrained on 2.5 million chest 

radiographs could be adapted to new tasks (e.g., COVID-

19 detection) with  

minimal fine-tuning, achieving performance comparable 

to models trained from scratch on thousands of labeled 

examples [65]. These successes suggest the potential of 

developing breast MRI foundation models pretrained on 

large-scale unlabeled datasets from multiple centers. 

Such models could similarly accelerate progress in 

molecular subtyping and other downstream tasks. 

Integration with emerging technologies 

Integration of artificial intelligence with emerging 

imaging technologies may further enhance deep learning 

radiomics performance. Contrast-enhanced 

mammography (CEM) provides functional information 

complementing MRI, with studies demonstrating that 

radiomic features from both CEM and DCE-MRI show 

strong discriminative performance for malignancy 

detection (AUC above 0.800). Digital breast 

tomosynthesis (DBT) offers improved resolution of fine 

structural details. Automated breast ultrasound (ABUS) 

enables standardized whole-breast evaluation [66]. 

Multi-modal imaging integration combining MRI with 

these technologies could provide comprehensive tumor 

characterization. Preliminary studies combining MRI 

with ultrasound have shown improved accuracy for 

molecular subtype classification [67]. 

Clinical translation and regulatory pathway 

Translating radiomics models from research to clinical 

practice requires addressing multiple implementation 

challenges [68]. Technical infrastructure must support 

seamless integration with clinical workflows, including 

automated image retrieval, segmentation, feature 

extraction, and report generation. User interfaces must 

present predictions in clinically useful formats with 

appropriate uncertainty quantification and explainability 

features. 

Regulatory approval represents a critical milestone. Most 

radiomics models currently remain research tools, with 

few achieving regulatory clearance as medical devices. 

The pathway to approval requires demonstration of 
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safety and effectiveness in prospective studies, typically 

through comparison with standard-of-care outcomes in 

representative patient populations [69]. 

Decision curve analysis, which quantifies clinical benefit 

across treatment thresholds, has become standard for 

evaluating model utility. Studies consistently 

demonstrate that integrated radiomics models provide 

higher net benefit than clinical models alone across 

reasonable threshold probabilities. 

A critical gap between research prototypes and clinically 

viable systems is the level of workflow integration. Table 

7 provides an overview of selected AI-based models, 

illustrating the gap between research-grade systems and 

those that have achieved clinical translation. 

As illustrated in Table 7, most research models still rely 

on manual ROI delineation, which is impractical for 

routine clinical use. Future systems must offer fully 

automated, explainable pipelines embedded within the 

radiologist’s reading environment, such as picture 

archiving and communication system (PACS), with 

capabilities for automated image retrieval, segmentation, 

feature extraction, and report generation. The few food 

and drug administration (FDA)-cleared systems (e.g., 

QuantX, Koios DS) demonstrate that achieving this level 

of integration is possible but requires substantial 

engineering effort beyond algorithmic development. 

Table 7. Clinical translation status of representative breast MRI radiomics/deep learning models. 

Model name/Study Task Validation phase 
Regulatory 

status 

Integration into 

workflow 

Ensemble ResNet 

[25] 
Subtype classification Multi-center external 

Research use 

only 

Requires manual 

segmentation 

XRadNet [30] Subtype classification Internal + external 
Research use 

only 

Prototype, not yet in 

PACS 

Hong et al. [40] 

pCR model 
pCR prediction 

Prospective cohort (I-

SPY2) 

Research use 

only 

Integrated with trial 

data 

QuantX (by 

Quantib) 

Breast lesion 

assessment 
FDA cleared (2017) FDA Class II PACS-integrated 

Koios DS for breast 
Ultrasound lesion 

assessment 
FDA cleared FDA Class II PACS-integrated 

Integration into clinical workflow typically involves 

DICOM retrieval, automated segmentation, feature 

extraction, and report generation. Many research models 

still rely on manual ROI delineation, limiting practicality. 

Future systems must offer fully automated pipelines with 

explainable outputs embedded in radiologists’ reading 

environment. 

Graph neural networks for modeling tumor 

microenvironment 

Although their application to breast cancer molecular 

subtyping remains nascent, graph neural networks 

(GNNs) provide a natural framework for modeling the 

spatial topology of tumor ecosystems. By representing 

tumors as graphs, with nodes corresponding to image 

patches or voxels and edges encoding spatial 

relationships, GNNs can capture interactions between the 

tumor core, margin, and peritumoral microenvironment 

that may be critical for molecular characterization. 

Emerging evidence in related tasks supports this 

potential: Li et al. employed GNNs to model the tumor 

microenvironment from histopathology for treatment 

response prediction in TNBC. Salehzehi et al. integrated 

GNNs with multiparametric MRI for multi-label 

classification; Xia et al. combined GNNs with clinical 

data to predict axillary metastasis. These studies 

collectively suggest that GNN-based representations of 

tumor heterogeneity could improve molecular subtype 

prediction beyond current approaches [70-72]. 

Notably, GNNs offer a natural complement to 

conventional texture features: While GLCM and wavelet 

features capture statistical patterns of heterogeneity, 

GNNs can model the topological relationships between 

heterogeneous regions, potentially providing a more 

complete picture of tumor biology. Early efforts 

integrating GNNs with multimodal data, including Xia et 

al.’s graph-based multi-modality network for axillary 

lymph node metastasis prediction, demonstrate the 

feasibility and promise of this approach. Future research 
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should explore whether such GNN-based representations 

can improve molecular subtype prediction beyond 

current approaches. 

Conclusion 

Deep learning radiomics represents a transformative 

approach to breast cancer molecular subtype 

classification, offering non-invasive, comprehensive, 

and repeatable tumor characterization that complements 

traditional histopathological assessment. This review has 

systematically evaluated the methodological evolution, 

current capabilities, and translational trajectory of MRI-

based radiomics and deep learning across 128 studies 

published between 2020-2025. 

Several key conclusions emerge from this synthesis. First, 

multimodal integration consistently outperforms single-

modality approaches, with combined radiomics-deep 

learning models achieving superior performance for 

molecular subtype prediction, treatment response 

assessment, and prognosis stratification. Recent 

multicenter studies have demonstrated AUCs of 0.850-

0.960 for luminal versus non-luminal discrimination, 

0.840-0.970 for HER2 status prediction, and 0.860-0.980 

for TNBC identification. Texture features have emerged 

as the most significant predictors, contributing 

approximately 40% to overall model accuracy. 

Second, rigorous external validation in multicenter 

cohorts is essential for establishing model 

generalizability, with recent studies demonstrating 

maintained performance across diverse populations and 

imaging protocols. The optimal peritumoral margin for 

feature extraction has been identified as 6 mm, with DCE 

sequences providing the most discriminative power. 

Standardized acquisition protocols have been established, 

including 3.0T field strength, 0.1 mmol/kg contrast dose, 

temporal resolution ≤10 s for DCE-MRI, and b-values of 

0 and 1000 s/mm² for DWI. Implementation of these 

protocols reduces inter-scanner feature variability from 

28.70% to 12.30%. Third, emerging paradigms including 

self-supervised learning, attention mechanisms, and 

inherently interpretable architectures offer promising 

solutions to persistent challenges of data scarcity and 

model interpretability. Radiomics-guided architectures 

such as XRadNet demonstrate that integrating radiomic 

feature regression heads can improve both performance 

and interpretability. Multi-objective feature selection 

using NSGA-II has shown 65.00% dimensionality 

reduction while maintaining predictive performance, 

with combined radiomics-deep learning approaches 

achieving external validation AUC of 0.877 for HER2 

prediction. 

Despite substantial progress, significant challenges 

remain. Data standardization and harmonization require 

continued attention through broader adoption of IBSI 

guidelines and standardized acquisition protocols, 

complemented by domain generalization techniques that 

build robustness directly into models. Model 

interpretability must advance beyond post-hoc 

explanations toward inherently interpretable 

architectures that provide clinically meaningful insight 

into prediction drivers, with rigorous evaluation 

frameworks for explanation quality. Clinical deployment 

requires demonstration of utility in prospective trials and 

development of seamless integration pathways, as 

exemplified by a few FDA-cleared systems. Addressing 

these challenges is not merely a computational exercise; 

it is the key to unlocking clinical value. Overcoming data 

scarcity ensures robust performance across diverse 

patient populations; mastering multimodal heterogeneity 

enables comprehensive tumor phenotyping, and 

achieving model transparency builds the trust necessary 

for clinical adoption. 

Looking forward, the successful integration of deep 

learning radiomics into clinical practice will require a 

shift in focus from algorithmic innovation to system-

level thinking. An ideal clinical decision support system 

for breast cancer molecular subtyping should possess 

several key characteristics: (1) Fully automated operation 

requiring no manual intervention. (2) Inherent 

interpretability, providing explanations aligned with 

clinical reasoning. (3) Robust uncertainty quantification, 

communicating confidence in predictions. (4) 

Continuous learning capabilities, improving with 

accumulated clinical data. (5) Seamless integration into 

existing radiology workflows, including PACS and 

reporting systems. Achieving this vision will require 

sustained collaboration between computer scientists, 

radiologists, pathologists, and regulatory experts. 

By integrating deep learning radiomics with genomics, 

transcriptomics, and proteomics, this approach promises 

even more comprehensive tumor characterization, 

potentially enabling truly personalized treatment 

selection. As these technologies mature and evidence 
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accumulates, deep learning radiomics frameworks have 

the potential to become integral components of clinical 

decision-making, supporting clinicians in delivering 

precise, personalized, and effective care to patients with 

breast cancer. The ultimate measure of success will be 

improved patient outcomes, and the field must maintain 

focus on this goal as it advances from technological 

innovation to clinical implementation.  
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