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A B S T R A C T

Traditional artificial intelligence (AI)-based methods for breast cancer diagnosis often rely on a single modality, 
such as ultrasound images. With the rise of multimodal approaches, multiple data sources, including imaging 
from diverse medical modalities, structured clinical information, and unstructured medical reports, are in
creasingly integrated to provide richer and more informative signals for model training. This survey reviews the 
data modalities employed in AI-based breast cancer research, examines common multimodal combinations and 
fusion strategies, and discusses their applications across clinical tasks such as diagnosis, treatment planning, and 
outcome prediction. By consolidating current literature and identifying critical gaps, this survey aims to guide 
future research toward the development of reliable, clinically relevant multimodal AI systems for use in breast 
cancer management.

1. Introduction

Breast cancer remains one of the leading causes of cancer-related 
mortality among women worldwide.1 Early detection and accurate di
agnosis are essential for improving treatment outcomes and survival 
rates. Traditional screening methods such as clinical breast exams, 
mammography, ultrasound, and magnetic resonance imaging (MRI) are 
widely used to detect abnormalities. However, each imaging modality 
introduces its own challenges: mammography suffers reduced sensi
tivity in women with dense breast tissue, ultrasound is highly operator- 
dependent, and MRI has variable specificity and remains expensive and 
less accessible. These modality-specific limitations often necessitate the 
use of multiple imaging techniques in combination to obtain a com
prehensive assessment. Radiologists found that coronal ultrasound 
images enhanced radiologist performance compared to transverse 
images, illustrating how even within the same imaging technique, dif
ferent views can offer varying diagnostic value.2

While early artificial intelligence (AI) systems often relied on a 
single data source, such as mammograms or ultrasound images, there is 
a growing recognition that incorporating multiple data modalities can 
enhance model performance. This trend mirrors developments in the 
broader AI landscape, where the transition from large language models3

to large vision-language models4 has led to more powerful and gen
eralizable systems. In the medical domain, recent multimodal founda
tion models such as BioGPT,5 MedCLIP,6 LLaVa-Med,7 and PathCLIP8

have demonstrated the capacity to integrate imaging and textual data 
for tasks including report generation, visual question answering, and 
image-text alignment. In breast cancer, combining imaging modalities, 
clinical data, genomic profiles, and clinical reports can provide a more 
comprehensive understanding of the patient’s condition, supporting 
improved clinical decision-making and patient care.

Despite a growing body of research in this area, existing reviews 
often focus on specific imaging techniques or AI applications, lacking a 
comprehensive examination of how multimodal data are used in AI for 
breast cancer. To address this gap, we conducted an extensive survey of 
88 papers that utilize multiple data modalities or image perspectives in 
training AI models for breast cancer classification, including lesion 
classification, treatment response prediction, and outcome estimation. 
By systematically examining the types of modalities used, this paper 
aims to provide a consolidated resource and practical guidance for re
searchers and practitioners working at the intersection of AI and breast 
cancer diagnosis.

Numerous survey papers have explored the role of AI in breast 
cancer, each emphasizing different aspects such as clinical applica
tions,9 patient perspectives,10 data fusion strategies,11 and imaging 
techniques. Shah et al.12 reviewed imaging modalities including ultra
sound, mammography, MRI, and histopathology, with a particular 
focus on mammography-based methods due to the wide availability of 
datasets. Chugh et al.13 expanded on this by incorporating digital breast 
tomosynthesis (DBT), and Saleh et al.14 highlighted advancements 
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within these mainstream imaging techniques. Meanwhile, other survey 
papers concentrate on mammography and DBT,15–17 genetic sequencing 
and histopathological imaging,18 radiomics-based approaches,19 and 
the integration of molecular and imaging data.20 As multimodality 
becomes a growing trend in current research,21,22 this survey focuses on 
the various data modalities used in AI for breast cancer. Unlike previous 
work, we provide separate overviews of each data modality, including 
medical images and textual reports, as well as distinct imaging per
spectives such as transverse and sagittal views. The full scope is shown 
in Figure 1, covering various clinical applications including screening, 
diagnosis, prognosis, tumor characterization, treatment planning, and 
drug discovery (Figure 2). We examine how each modality or per
spective is integrated with others in the literature for various clinical 
applications, offering practical guidance for both researchers and 
practitioners.

2. Data fusion strategies

Multimodal AI systems combine heterogeneous data sources to 
create more comprehensive models. As shown in Figure 3, integration 
strategies are typically categorized into early, intermediate, and late 
fusion, each offering different advantages depending on data alignment, 
clinical complexity, and model design.

Early fusion integrates modalities at the raw data or low-level fea
ture stage, such as combining spatially aligned inputs like stacked MRI 
sequences or different imaging perspectives. This approach allows the 
model to learn cross-modal patterns directly from low-level signals in a 
single forward pass, but it requires precise alignment and is sensitive to 
missing or noisy inputs.

Intermediate fusion is the dominant approach in the medical do
main. Each modality is independently processed via feature extractors 
or engineered features, and the resulting representations are merged. 
This approach supports heterogeneous data types and allows cross- 

modal interactions through attention or learned projection layers. 
Importantly, combining radiomics features from different imaging 
modalities is considered intermediate fusion, because the fusion occurs 
after modality-specific feature extraction.

Late fusion combines decisions rather than features, integrating 
outputs from separate models using methods such as averaging or 
weighted voting. This strategy increases the interpretability and ro
bustness, and it allows independent models to contribute without re
quiring the complete set of input data.

3. Ultrasound

Ultrasound is a crucial imaging modality in the diagnosis and 
management of breast cancer, particularly due to its real-time imaging 
capabilities, lack of ionizing radiation, and effectiveness in dense breast 
tissue where mammography may be limited.23 Breast ultrasound relies 
on a range of imaging modalities that provide complementary anato
mical, vascular, and mechanical information, greatly enhancing diag
nostic accuracy. B-mode,24 or brightness mode, is the fundamental 
technique that produces real-time grayscale images by capturing echoes 
reflected from internal breast structures. It allows clear visualization of 
tissue architecture and is especially effective at distinguishing between 
cystic lesions and solid masses. Color Doppler flow imaging (CDFI)25

adds a functional layer by displaying blood flow within and around 
lesions using color overlays, which helps identify increased or dis
organized vascularity commonly associated with malignant tumors. 
Contrast-enhanced ultrasound (CEUS)26 provides even more detailed 
vascular assessment through the injection of micro-bubble contrast 
agents, enabling real-time visualization of microcirculation and perfu
sion patterns. This is useful in evaluating tumor aggressiveness and 
vascular architecture that may not be visible on conventional Doppler. 
Elastography techniques27 offer mechanical insights by assessing tissue 
stiffness, a property often elevated in malignant lesions. Shear wave 

Figure 1. Overview of data modalities and imaging perspectives for AI in breast cancer. Abbreviations: 1. MRI: magnetic resonance imaging 2. PET/CT: positron 
emission tomography/computed tomography.

Figure 2. Clinical applications of AI for breast cancer. 
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elastography (SWE)28 quantitatively measures the speed at which shear 
waves travel through tissue, generating color-coded stiffness maps 
where stiffer areas often indicate malignancy. An advanced form of this, 
known as shear wave absolute vibro elastography (SWAVE),29 offers 
more precise, real-time elasticity measurements, making it valuable for 
detecting subtle differences in tissue consistency. Strain elastography 
(SE),30 on the other hand, is a qualitative method that assesses how 
much tissue deforms in response to compression. Malignant lesions 
generally exhibit minimal deformation due to their firm structure, 
while benign lesions tend to compress more easily.

Ultrasound imaging perspectives are essential for comprehensive 
breast assessment, as they provide spatial orientation and improve le
sion characterization.31 The radial plane involves positioning the 
transducer so that the ultrasound beam radiates outward from the 
center of the breast, following the natural orientation of the ductal 
structures. This view is especially useful for evaluating ductal ab
normalities, such as intraductal masses or ductal dilatation. The anti- 
radial plane is oriented perpendicular to the radial plane and provides a 
cross-sectional view of the ducts and surrounding tissues. This helps in 
visualizing lesions that may not be fully appreciated in the radial view 
and in assessing their full extent. The sagittal view, also known as the 
longitudinal plane, divides the breast into right and left sections. It 
provides a vertical image that is valuable for measuring the height and 
depth of a lesion. The transverse view, sometimes referred to as the 
axial plane, divides the breast into superior and inferior portions and 
offers a horizontal cross-section of tissue. It is helpful for evaluating the 
width and lateral spread of lesions. The coronal view, which divides the 
breast into anterior and posterior sections, is less commonly used in 
standard 2D ultrasound but can be reconstructed from 3D imaging or 
elastography. It is particularly beneficial for assessing lesion depth and 
spatial relationships within the full volume of the breast. By fusing 
complementary modalities and imaging perspectives, multimodal ul
trasound provides a more robust foundation for accurate prediction.

3.1. Fusion of ultrasound modalities

A substantial number of studies have focused on combining multiple 
ultrasound modalities, most commonly B-mode, CDFI, and elasto
graphy, to enhance classification performance by capturing com
plementary aspects of tumor characteristics.32 Wang et al.33 further 
extended this by fusing B-mode, CDFI, SWE, and SE using a shared 
ResNet backbone,34 while employing reinforcement learning to learn 
optimal combining weights for the final classification decision. Building 
on this, the AW3M framework35 enhances performance under real- 
world constraints by addressing the issue of missing modalities, in
troducing a mechanism to maintain effectiveness even when only a 
subset of the expected input data are available.

While some studies incorporate the full set of modalities, others 
selectively utilize subsets based on clinical context or data availability, 
such as B-mode and SE,36 B-mode and SWAVE,37 and B-mode and 
CDFI.38 Finally, modality fusion has been extended to include dynamic 
imaging. Guo et al.39 combined static B-mode images with CEUS videos 
to incorporate perfusion dynamics into the classification task. This 
points to a growing interest in combining both spatial and temporal 
modalities, and in developing architectures that can adapt to variability 
in imaging protocols, view availability, and modality completeness.

More recently, contrastive learning has been employed to ensure 
semantic alignment across modalities. Yan et al.40 introduced a training 
objective that encouraged representations from different ultrasound 
modalities, B-mode, CDFI, and elastography, to converge in a shared 
embedding space, improving robustness and cross-modality consistency 
in cases where input modalities are missing or noisy. Similarly, Qian 
et al.21 leveraged this trimodal ultrasound information, combining it 
with mammography and clinical metadata for diagnosis, demonstrating 
the benefits of multimodal fusion across imaging types and data 
sources.

3.2. Multi-view fusion in ultrasound

Fusing specific ultrasound imaging perspectives can also promote 
the classification performance. Wei et al.41,42 introduced radial and 
anti-radial views at the data level to facilitate transfer learning with 
DenseNet43 for diagnosis. Other studies have adopted combinations 
such as transverse and coronal views,44 and longitudinal, transverse, 
and coronal views.45,46 Qian et al.47 utilized transverse and longitudinal 
views across B-mode, CDFI, and elastography for Breast Imaging Re
porting and Data System classification, and Chen et al.48 enhanced the 
flexibility to operate effectively on only the longitudinal or transverse 
view. On the other hand, Luo et al.49 adopted a different approach by 
simulating spatial diversity through multi-resolution cropping of tumor 
regions, treating each resolution-scale pair as a unique perspective to 
stregthen representational richness.

For comparison, Table 1 provides a comprehensive summary of 
multimodal fusion approaches in selected ultrasound studies, including 
details on the modalities used (e.g., B-mode, CDFI); fusion strategies 
(early fusion at the input level, intermediate fusion at the feature level, 
and late fusion at the decision level); AI model architectures; patient 
dataset sizes; clinical objectives (e.g., diagnosis, screening, or tumor 
subtype classification); and model performance as measured by the area 
under the curve (AUC) or accuracy. Overall, studies employing inter
mediate or early-intermediate fusion strategies combined with con
ventional convolutional neural network (CNN) or ResNet architectures 
achieved high AUC values (greater than 95%). In contrast, one of the 
two studies using transformer-based models with similar fusion 

Figure 3. Fusion strategies. Early fusion takes place at the input level, intermediate fusion at the feature level, and late fusion at the decision level. 
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strategies reported lower AUC (85%). Notably, this study was the first 
to fuse inputs from two distinct modalities, ultrasound images and 
radiology text reports, and its limited dataset size likely contributed to 
the reduced performance.

3.3. Integration with radiomic features

Radiomic analysis has gained attention in breast ultrasound re
search for its ability to quantitatively characterize lesion morphology, 
texture, and heterogeneity beyond what is perceptible to the human 
eye. By extracting high-dimensional, handcrafted features from medical 
images, radiomics enables the capture of subtle image patterns asso
ciated with tumor biology. Several studies have applied this approach 
in combination with CEUS, which provides dynamic vascular in
formation complementary to structural imaging. Li et al.50 extracted 
radiomic features from B-mode, SWE, and CEUS images, using a sup
port vector machine (SVM) optimized with a genetic algorithm for 
binary classification. Xu et al.51 computed radiomic features from five 
anatomically defined regions of interest in B-mode and CEUS images. 
These features are refined through a neural network before classifica
tion with a SVM. Zhu et al.52 examined the association between 
radiomic features derived from B-mode, SE, CDFI, and CEUS with breast 
cancer molecular subtypes. Their use of logistic regression highlights 
the broader applicability of radiomic features, which can be effectively 
leveraged by traditional machine learning algorithms without the need 
for deep neural networks to process image representations.

3.4. Fusion of ultrasound with other modalities

Ultrasound can also integrate with other data sources to enhance 
breast cancer classification such as DBT,53 textual reports,42 and 
mammography22,54–56 to leverage complementary anatomical in
formation. Zhang et al.57 incorporated mammography for molecular 
subtype prediction, and Al-Tam et al.58 emphasized interpretability in 
the combined framework. Beyond imaging, other studies have in
tegrated ultrasound with clinical data.59,60 Ye et al.61 used such fusion 
to guide medical decisions, and He et al.62 incorporated both mam
mographic and ultrasound images along with demographic data to 
build a comprehensive model for biopsy recommendation.

4. Mammography

Mammography remains a fundamental tool in breast cancer 
screening and diagnosis, widely used due to its ability to detect early- 
stage tumors through high-resolution X-ray imaging. It is often the first- 
line modality in population-wide screening programs and plays a cri
tical role in risk assessment, lesion characterization, and biopsy 

planning. In recent years, AI algorithms have been increasingly applied 
to mammographic data to support automated detection, classification, 
and triaging. Deep learning and radiomic approaches have demon
strated promise in identifying subtle features that may not be visually 
discernible, improving diagnostic accuracy and workflow efficiency. As 
a result, mammographic analysis has become a central focus in the 
development of AI-assisted breast imaging tools.

To overcome the limitations of standard 2D imaging, advanced 
mammographic techniques have been developed to provide greater 
contrast and structural detail. DBT63,64 reconstructs volumetric images 
from multiple low-dose X-ray projections, offering improved lesion lo
calization and reducing the impact of tissue overlap, which is a 
common source of false positives and negatives in traditional mam
mography. Another innovation, contrast-enhanced spectral mammo
graphy (CESM),65 uses iodine-based contrast agents and dual-energy 
acquisitions to highlight areas of abnormal vascularity, enhancing the 
visibility of malignant lesions.

Standard mammographic examinations typically include two pri
mary imaging views: the craniocaudal (CC) and the mediolateral ob
lique (MLO). The CC view captures a top-down image of the breast, 
while the MLO view is angled to include both breast tissue and the 
upper axillary region. These orthogonal perspectives are designed to 
provide comprehensive coverage of the breast and improve lesion de
tectability by offering different anatomical contexts. AI models often 
leverage both views during training and inference to learn spatial cor
relations and improve classification performance. When used in con
junction with advanced modalities such as DBT or CESM, these views 
form the basis for more detailed multi-angle analysis, further enhancing 
the potential of computer-aided diagnosis systems.

4.1. Multi-view fusion in mammography

A wide range of studies utilize the standard CC and MLO mammo
graphic views together to provide complementary perspectives of the 
breast. Several studies66–70 have employed straightforward fusion 
strategies to combine CC and MLO images for binary classification. 
Song et al.71 leveraged CESM by using both low-energy and dual-energy 
subtracted images in CC and MLO views. More advanced modeling 
techniques have also been developed to exploit inter-view relationships. 
A multi-task Siamese network72 can jointly match the masses across 
both views,73 and the Transformer model can fuse both views effec
tively.74,75 Truong et al.76 and Bobowicz et al.77 further extended this 
by integrating both views using cross-attention and multiple instance 
learning78 to train on unannotated data. Similarly, Liu et al.79 re
presented the two views as a bipartite graph, enabling the use of graph 
convolutional networks80 to model view-level interactions. These views 
can also incorporate with radiologist gaze information to enhance 

Table 1 
Summary of ultrasound studies. 

Study Modalities Fusion Strategy AI Method Clinical Purpose Dataset Size Performance

Multi-modal Fusion
Zhou et al.32 B-mode/CDFI/SWE Intermediate CNN Subtype 807 patients AUC: 96%
Wang et al.33 B-mode/SE/SWE/CDFI Intermediate ResNet Diagnosis 835 patients Acc: 95%
Yan et al.40 B-mode/CDFI/Elastography Intermediate CNN Diagnosis 248 patients AUC: 98%
Multi-view Fusion
Wei et al.41 Radial/Anti-radial Early DenseNet Diagnosis 578 patients AUC: 98%
Ding et al.45 Long/Trans/Coronal Intermediate Transformer Diagnosis 214 patients Acc: 95%
Wang et al.44 Trans/Coronal Early CNN Diagnosis 316 lesions AUC: 95%
Other Fusion
Wei et al.42 US/Report Intermediate Transformer Diagnosis 290 patients AUC: 85%
Qian et al.21 US/MG/Clinical Intermediate ResNet Diagnosis 5,025 patients Acc: 90%
Chen et al.22 US/MG Intermediate CNN Screening 790 patients AUC: 97%

Abbreviations: 1. B-mode: brightness mode 2. CDFI: color Doppler flow imaging 3. SWE: shear wave elastography 4. SE: strain elastography 5. MG: mammography 6. 
US: ultrasound 7. CNN: convolutional neural network 8. Acc: accuracy 9. AUC: area under the curve. Long, Trans, Clinical, and Report denote longitudinal view, 
transverse view, structured clinical data, and unstructured clinical report, respectively.
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interpretability and model guidance,81 and clinical metadata and ul
trasound modalities to enhance subtype prediction.21

4.2. Fusion of mammography with other modalities

A growing number of studies enhance mammographic analysis by 
integrating it with diverse data sources to improve diagnostic perfor
mance. Several works have concentrated on combining mammography 
with ultrasound, either through handcrafted features53,54 or deep 
learning.22,53,55–58 Others have combined mammography with clinical 
or demographic data for various tasks including subtype classifica
tion,82 cancer prediction, and biopsy recommendation.62,82–86 Radio
mics also plays a role in cross-modal learning. Radiomic scores serve as 
a proxy for case difficulty in the curriculum learning framework.87 In 
more specialized combinations, mammography can combine with his
topathology88 and dynamic contrast-enhanced MRI (DCE-MRI)89 to 
leverage multimodality. More recent approaches leverage advanced 
data representations to improve multimodal breast cancer analysis. Vo 
et al.90 applied frozen vision-language models to combine mammo
graphy images with electronic health records (EHR). Specifically, they 
utilized EVA-CLIP,91 a refined variant of the original CLIP framework,92

to encode mammography images and EHR data separately through 
dedicated visual and textual encoders, enabling effective data re
presentation. These multimodal strategies illustrate the adaptability of 
mammographic analysis and its potential when enriched with hetero
geneous clinical and imaging data.

Table 2 presents a comprehensive summary of multi-view mam
mography studies, including the modalities used, fusion strategies, AI 
models, patient dataset sizes, clinical objectives, and model perfor
mance measured by AUC or accuracy. The studies employing inter
mediate or late fusion strategies in combination with conventional CNN 
or ResNet architectures, or an SVM classifier, achieved consistently 
high AUC values for diagnostic tasks (ranging from 85% to 97%). In 
contrast, the two studies focused on screening used intermediate fusion 
and CNN architectures and reported markedly different AUCs (73% vs. 
97%). This discrepancy appears to be closely linked to the substantial 
difference in dataset size, suggesting a potential issue with model 
generalization in the smaller study. The research on tumor subtype 
classification, which also adopted an intermediate fusion strategy and a 
CNN model, achieved an AUC of 93%.

5. MRI

MRI93 is a cornerstone in breast cancer imaging due to its excellent 
soft tissue contrast and ability to provide both anatomical and func
tional information. In particular, it is invaluable in detecting tumors in 
dense breast tissue, assessing lesion extent, and monitoring treatment 
response. A variety of specialized MRI modalities are employed to 
capture different aspects of breast tumor biology. T1-weighted imaging 

(T1WI) and T2-weighted imaging (T2WI) sequences are standard ana
tomical imaging protocols. T1WI offers good contrast between fat and 
other tissues and is particularly effective after the administration of 
contrast agents. T2WI, on the other hand, is sensitive to differences in 
water content and is helpful in identifying edema, cysts, or necrosis 
within tumors. Contrast-enhanced MRI (CE-MRI)94 leverages gadoli
nium-based contrast agents to improve the visibility of tumors by en
hancing regions with abnormal vascularity. Malignant breast lesions 
often exhibit increased blood supply and leaky vessels due to angio
genesis, causing them to take up contrast more rapidly and intensely 
than surrounding normal tissue. Building on CE-MRI, DCE-MRI95 cap
tures a time series of T1WI before, during, and after contrast adminis
tration, allowing analysis of enhancement kinetics over time. DCE-MRI 
provides functional information about tumor perfusion and perme
ability, enabling characterization of lesions based on their contrast 
uptake and washout patterns. Diffusion-weighted imaging (DWI)96

provides insight into the mobility of water molecules within tissue. 
Cancerous tissues tend to restrict water diffusion due to their high 
cellularity and dense extracellular matrix, leading to high signal in
tensity on DWI images. The corresponding apparent diffusion coeffi
cient (ADC) maps quantify this diffusion and can help differentiate 
between benign and malignant lesions, with malignant tumors typically 
showing lower ADC values. Short tau inversion recovery (STIR)97 is a 
fat-suppression technique often used in conjunction with other se
quences. By nulling fat signals, STIR improves the visibility of lesions in 
fatty breast tissue, particularly in patients with dense breasts. Each of 
these MRI modalities provides complementary information. When in
tegrated, they offer a powerful multimodal approach to breast cancer 
detection, classification, and treatment response assessment.

5.1. Multimodal fusion with MRI

Integrating multiple MRI modalities can markedly enhance model 
performance in breast cancer imaging by providing complementary 
anatomical and functional information. Morais et al.98 employed a 3D 
CNN using DCE-MRI, T1WI, and T2WI to detect breast cancer. Simi
larly, Zhang et al.99 leveraged a combination of T1WI, T2WI, DWI, DCE- 
MRI, and ADC maps for binary classification, showcasing the utility of 
integrating diverse imaging sequences to capture multiple biological 
characteristics of tumors. These MRI modalities are frequently com
bined with additional data sources, such as mammography89 and clin
ical information, to improve both diagnostic and prognostic modeling. 
Several studies have demonstrated the benefit of integrating clinical 
variables to predict pathologic complete response (pCR) with various 
types of MRI, such as DCE-MRI100,101; T1WI and T2WI102; and T1WI, 
T2WI, DWI, and STIR.103 Others aim to predict survival outcomes104

and cancer recurrence105 with multimodal MRI frameworks.
In addition to clinical data, more comprehensive approaches include 

the integration of genomics and whole slide imaging (WSI). Ye et al.106

Table 2 
Summary of mammography studies. 

Study Modalities Fusion Strategy AI Method Clinical Purpose Dataset Size Performance

Multi-view Fusion
Song et al.71 LE/DES/CC/MLO Intermediate CNN Diagnosis 95 patients AUC: 97%
Tan et al.66 CC/MLO Late EfficientNet Diagnosis 12,433 patients AUC: 95%
Petrini et al.67 CC/MLO Intermediate EfficientNet Diagnosis 3,103 images AUC: 85%
Geras et al.70 CC/MLO Intermediate CNN Screening 129,208 patients AUC: 73%
Other Fusion
Tian et al.53 DBT/CC/US Intermediate/Late SVM Diagnosis 487 patients AUC: 96%
Qian et al.21 CC/MLO/US/Clinical Intermediate ResNet Diagnosis 5,025 patients Acc: 90%
Chen et al.22 MG/US Intermediate CNN Screening 790 patients AUC: 97%
Tan et al.56 CC/MLO/US Intermediate CNN Subtype 8,324 images AUC: 93%

Abbreviations: 1. LE: low-energy 2. DES: dual-energy subtracted 3. CC: craniocaudal 4. MLO: mediolateral oblique 5. DBT: digital breast tomosynthesis 6. MG: 
mammography 7. US: ultrasound 8. CNN: convolutional neural network 9. Acc: accuracy 10. AUC: area under the curve 11. SVM: support vector machine. 
Clinical denotes structured clinical data.
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combined MRI with proteomic, genomic, and clinical information using 
machine learning techniques to predict pCR in patients undergoing 
neoadjuvant therapy. Mao et al.107 incorporated MRI, WSI, and clinical 
risk factors to assess treatment response, highlighting the potential of 
combining radiology and pathology data. Together, these studies reflect 
a growing trend in breast cancer research toward multimodal integra
tion, where MRI serves as a central component alongside clinical, his
tological, and molecular data. Such approaches aim to improve the 
accuracy, generalizability, and clinical relevance of diagnostic and 
prognostic models, supporting more personalized and informed treat
ment strategies. Table 3 provides a comprehensive summary of MRI 
studies, including modality information (e.g., T1WI, T2WI, DWI), fu
sion strategies, AI models (e.g. 3D CNN, 3D ResNet, 3D DenseNet), 
patient dataset sizes, clinical objectives, and model performance as 
measured by AUC or accuracy. Overall, the reviewed studies achieved 
consistently high AUC or accuracy values, ranging from 88% to 92%, 
for both pCR and survival outcome prediction.

6. Other imaging techniques

6.1. Thermography

Thermographic imaging,108 encompassing both infrared thermo
graphy (IRT) and terahertz (THz) imaging, is a non-invasive, radiation- 
free technique that detects physiological abnormalities by measuring 
heat distribution and electromagnetic responses from the body. As a 
functional imaging approach, thermography has gained attention in 
breast cancer research due to its ability to capture early physiological 
changes, such as increased vascularization, localized inflammation, and 
elevated metabolic activity, which often precede visible structural ab
normalities. IRT109 detects naturally emitted thermal radiation from the 
skin surface to produce temperature maps. In breast cancer screening, 
these maps can highlight asymmetries or localized hot spots linked to 
tumor growth. Despite its advantages, such as low cost, safety, and 
portability, IRT is limited to superficial measurements and is highly 
sensitive to external conditions, which has historically restricted its 
diagnostic reliability. On the other hand, THz imaging110 offers shallow 
subsurface imaging by probing the tissue’s dielectric properties. Ma
lignant tissues tend to exhibit higher water content and distinct elec
tromagnetic signatures, enabling differentiation from healthy tissue. 
While THz imaging provides molecular and compositional contrast, it 
faces practical challenges including limited penetration depth, slower 
imaging speed, and higher equipment cost. Together, IRT and THz re
present complementary components of thermographic imaging, and 
Gezimati and Singh111 combined both modalities with CNN for breast 
cancer classification.

6.2. Microscopy

Microscopic imaging112 remains central to breast cancer diag
nostics, providing detailed views of tissue architecture and cellular 
morphology. Clinical practice relies on bright-field microscopy (BFM) 

with hematoxylin and eosin staining to assess nuclear atypia, mitotic 
activity, ductal structures, and stromal invasion,113 forming the basis of 
tumor classification, grading, and staging. Digital pathology and AI now 
augment this workflow through WSI, automated malignancy detection, 
and molecular marker prediction. Label-free techniques such as auto
fluorescence imaging (AFI) complement bright-field analysis by re
vealing metabolic and biochemical changes without stains. Endogenous 
fluorophores, such as nicotinamide adenine dinucleotide, flavin ade
nine dinucleotide, and collagen, vary during malignant transforma
tion,114 enabling real-time differentiation of cancerous and normal 
tissue, particularly useful for intraoperative margin assessment. Or
thogonal polarization imaging (OPI) adds structural insight by sup
pressing surface reflections and highlighting subsurface features such as 
remodeled stromal collagen.115 Together, these modalities integrate 
morphological, metabolic, and microstructural information to improve 
diagnostic accuracy and support surgical decision-making.

Recent studies have increasingly explored multimodal microscopic 
imaging with machine learning to enhance breast cancer classification. 
Wu et al.116 combined BFM, AFI, and OPI with deep learning models to 
extract and fuse complementary information for diagnostic tasks. Other 
researchers combine BFM with other modalities to improve classifica
tion and prediction, such as mammography,88 Ribonucleic acid se
quences,117,118 and gene expression data.119,120 Similarly, Liu et al.121

combined pathological images with gene expression data and copy 
number variants to predict molecular subtypes. To integrate with more 
data modalities, Mao et al.107 incorporated WSI with MRI and clinical 
risk factors to forecast pCR. On the other hand, several studies have 
incorporated EHR or clinical data alongside imaging for diagnosis122,123

and recurrence prediction.124,125

Table 4 summarizes representative thermography and microscopy 
studies, including the imaging modalities used, fusion strategies, AI 
models, patient dataset sizes, clinical objectives (diagnosis, recurrence, 
or tumor subtype classification), and model performance as measured 
by AUC or accuracy. In particular, in two comparative studies con
ducted for the same diagnostic purpose, one using a CNN and the other 
a feed-forward deep learning network, both achieved high perfor
mance, with reported accuracy of 98% and an AUC of 94%, respec
tively. However, a similar CNN used in another study for recurrence 
prediction achieved less favorable results (AUC of 72%) compared with 
the study that used a Transformer model for the same task (AUC of 
89%), despite using the same fusion strategy. This discrepancy is likely 
due to the substantial difference in patient sample sizes (127 vs. 6,172).

6.3. PET and CT

Positron emission tomography (PET) and computed tomography 
(CT) are valuable imaging tools used together to evaluate breast cancer 
by combining metabolic and anatomical information. PET, often using 
fluorodeoxyglucose as a tracer, highlights areas of increased metabolic 
activity that may indicate cancer involvement in lymph nodes or distant 
organs. CT adds precise structural detail, helping clinicians assess 
tumor size, location, and surrounding tissue changes. When integrated 

Table 3 
Summary of MRI studies. 

Study Modalities Fusion Strategy AI Method Clinical Purpose Dataset Size Performance

Joo et al.102 T1WI/T2WI/Clinical Intermediate 3D ResNet pCR 536 patients AUC: 89%
Yu et al.104 T1WI/T2WI/Clinical Intermediate 3D DenseNet Survival 1,199 patients AUC: 90%
Gamal et al.103 T1WI/T2WI/STIR/DWI/Clinical Intermediate/Late LightGBM pCR 109 patients Acc: 88%
Verma et al.101 DCE-MRI/Clinical Intermediate 3D CNN pCR 207 patients AUC: 88%
Ye et al.106 MRI/Geno/Clinical Intermediate Ridge pCR 719 patients AUC: 92%
Mao et al.107 T1WI/T2WI/DWI/WSI/Clinical Intermediate CNN pCR 1,004 patients AUC: 91%

Abbreviations: 1. T1: T1-weighted imaging 2. T2: T2-weighted imaging 3. STIR: short tau inversion recovery 4. MRI: magnetic resonance imaging 5. DCE-MRI: 
dynamic contrast-enhanced MRI 6. WSI: whole slide imaging 7. CNN: convolutional neural network 8. Acc: accuracy 9. AUC: area under the curve 10. DWI: diffusion- 
weighted imaging 11. pCR: pathologic complete response. Clinical and Geno denote structured clinical data and genomics, respectively.
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together, the modalities improve accuracy in detecting metastases, 
monitoring disease progression, and evaluating responses to therapy, 
making it an important component of comprehensive breast cancer 
management. Recent studies have explored the integration of PET and 
CT features with deep learning and machine learning approaches, in
cluding the use of DenseNet43 and Transformer for subtype classifica
tion.126,127 Additional work has used both modalities with XGBoost128

to predict human epidermal growth factor receptor 2 (HER2) 
status.129,130 PET and CT radiomics have also been integrated with 
machine learning methods to support prognostic assessment in breast 
cancer.131 PET can also combine with other data modalities. Other re
search has combined PET with MRI using a SVM to enhance diagnostic 
accuracy132 and fused PET with histopathological, genomic, and clin
ical information for treatment response prediction using a SVM.133

Table 5 summarizes representative PET and CT studies, including 
the imaging modalities, fusion strategies, AI models, patient dataset 
sizes, clinical objectives (diagnosis, pCR, tumor subtype classification, 
or HER2 status), and model performance as evaluated by AUC or ac
curacy. The two studies on tumor subtype classification using combined 
PET/CT modalities, both employing an intermediate fusion strategy but 
different AI models, a combined DenseNet/SVM model versus a 
Transformer, reported comparable results, with an accuracy of 94% and 
95%, respectively. On the other hand, the remaining three studies 
presented in the Table employed traditional machine learning algo
rithms, including SVM and XGBoost, the latter being an ensemble 
learning method based on decision trees, for the tasks of pCR predic
tion, diagnosis, and HER2 status prediction. This choice is under
standable given the small dataset sizes of 57, 102, and 217 patients, 
respectively. The corresponding AUCs were 82%, 98%, and 76%, re
spectively.

7. Clinical data

Clinical data are essential for breast cancer diagnosis, prognosis, and 
treatment planning. It can be divided into structured data, such as 
coded fields, checkboxes, and numerical entries, which are consistent 
and easily integrated into computational models, and unstructured 
data, including free-text clinical notes or radiology reports, which 

require natural language processing to extract actionable information. 
Both types provide complementary insights critical for patient care.

7.1. Structured clinical data

Demographic data are a key subset of structured clinical data, in
cluding patient age, sex, and ethnicity. Age is one of the most sig
nificant risk factors in breast cancer, with older individuals facing a 
higher likelihood of developing the disease. Including demographic 
information in computational models helps capture population-level 
variation and can contribute to more equitable and personalized deci
sion-making in clinical settings. In many studies, structured clinical 
data are incorporated with thermography,111 histopathology,107,123,124

ultrasound,59–61 MRI,100–104 and mammography21,62,82–87 for a wide 
range of clinical applications such as screening, diagnosis, pCR pre
diction, and recurrence estimation.

Another important source of clinical information is EHR, which 
offers structured data. Unlike unstructured clinical reports or narrative 
physician notes, structured components of EHR can be directly in
corporated into machine learning models without the need for addi
tional processing. These records support longitudinal analysis, allowing 
researchers and clinicians to track disease progression, monitor treat
ment response, and evaluate long-term outcomes. EHR has been in
corporated with histopathological images,122,123 MRI sequences,101 and 
mammography.90

In parallel, many studies investigate the integration of clinical data 
with molecular-level information, including gene expression and copy 
number alterations,121,134–137 genomics,138,139 and protein expression 
data.106,118 For instance, Karampuri et al.140 explored similar integra
tions to predict the drug response in breast cancer. These works high
light the importance of combining structured clinical context with the 
underlying molecular landscape to support personalized breast cancer 
treatment.

7.2. Unstructured clinical reports

Unstructured clinical reports are narrative, free-text entries created 
by healthcare professionals as part of routine medical documentation. 

Table 4 
Summary of thermography and microscopy studies. 

Study Modalities Fusion Strategy AI Method Clinical Purpose Dataset Size Performance

Thermography
Gezimati and Singh111 IRT/THz Intermediate CNN Diagnosis 385 patients AUC: 99%
Microscopy
Wu et al.116 BFM/AFI/OPI Early/Late DL Diagnosis 16 patients AUC: 94%
Oyelade et al.88 HP/MG Intermediate CNN Diagnosis 10,545 samples Acc: 98%
Liu et al.121 HP/Gene/CNV Intermediate CNN Subtype 1,098 samples AUC: 94%
Boehm et al.125 HP/HP Report Intermediate Transformer Recurrence 6,172 patients AUC: 89%
Yang et al.124 HP/Clinical Intermediate CNN Recurrence 127 patients AUC: 72%

Abbreviations: 1. IRT: infrared thermography 2. THz: terahertz imaging 3. BFM: bright-field microscopy 4. AFI: autofluorescence imaging 5. OPI: orthogonal 
polarization imaging 6. HP: histopathological imaging 7. CNN: convolutional neural network 8. Acc: accuracy 9. AUC: area under the curve 10. MG: mammo
graphy 11. DL: deep learning 12. CNV: copy number variants. Clinica and Gene denote structured clinical data and gene expression data, respectively.

Table 5 
Summary of PET/CT studies. 

Study Modalities Fusion Strategy AI Method Clinical Purpose Dataset Size Performance

Jia et al.126 PET/CT Intermediate DenseNet/SVM Subtype 8,432 images Acc: 94%
Ge et al.127 PET/CT Intermediate Transformer Subtype 7,594 images Acc: 95%
Chen et al.130 PET/CT Intermediate XGBoost HER2 217 patients AUC: 76%
Romeo et al.132 PET/MRI Intermediate SVM Diagnosis 102 patients AUC: 98%
Groheux et al.133 PET/HP/Geno Intermediate SVM pCR 57 patients AUC: 82%

Abbreviations: 1. PET: positron emission tomography 2. CT: computed tomography 3. MRI: magnetic resonance imaging 4. HP: histopathological imaging 5. SVM: 
support vector machine 6. HER2: human epidermal growth factor receptor 2 7. pCR: pathologic complete response 8. Acc: accuracy 9. AUC: area under the curve. 
Geno denotes Genomics.

T.-R. Wei and Y. Yan                                                                                                                                                                        Intelligent Oncology 2 (2026) 100037

7



These reports encompass a wide range of clinical content, including 
diagnostic impressions, operative summaries, pathology interpreta
tions, imaging findings, and progress notes. Unlike structured doc
umentation formats that follow predefined templates or data fields, 
unstructured reports are composed in natural language, allowing clin
icians to capture observations and clinical reasoning in a flexible and 
detailed manner.

The main advantage of unstructured clinical reports lies in their 
richness of clinical context and their capacity to reflect complex deci
sion-making processes. However, this flexibility also presents sig
nificant challenges for data standardization, retrieval, and computa
tional analysis. Variability in language, terminology, abbreviations, and 
report organization can make it difficult to extract consistent informa
tion across patient records or clinical settings.

Recent developments in natural language processing have con
siderably improved the ability to analyze unstructured clinical text. 
These techniques allow for the automated extraction of key clinical 
concepts such as diagnoses, treatment plans, responses to therapy, and 
disease progression.141 Building on these foundations, current advances 
in large language models have further enhanced the accuracy, adapt
ability, and contextual understanding of clinical narratives. Models 
such as transformer-based architectures are capable of interpreting 
complex sentence structures, resolving ambiguities, and recognizing 
subtle clinical cues that earlier rule-based or statistical approaches often 
missed.

Large language models trained on biomedical corpora can be fine- 
tuned to extract highly specific clinical entities, map them to standar
dized terminologies, and even infer implicit relationships within the 
text. This has enabled more reliable identification of nuanced in
formation such as temporal changes in disease status, eligibility criteria 

for clinical trials, and patient-specific risk factors. As a result, these 
models are increasingly being integrated into clinical decision support 
systems, EHR mining, and real-time information retrieval, supporting 
both research and point-of-care applications with unprecedented scale 
and precision.142

Building on the capabilities of language models, recent studies have 
explored the integration of textual and imaging data to improve clinical 
decision-making. Wei et al.42 extracted features from unstructured 
clinical reports and combine with radial and anti-radial ultrasound 
views for diagnosis. As shown in Figure 4, these features are derived 
using pre-trained text encoders to capture language patterns and se
mantics. Similarly, Boehm et al.125 trained a Transformer model to 
capture the patterns in the textual reports for histopathological images 
to predict recurrence scores. These approaches exemplify how medical 
contexts can be integrated with imaging modalities to enhance diag
nostic accuracy.

Table 6 lists selected multimodal studies on structured or un
structured clinical data, including the modalities, fusion strategies, AI 
models, patient dataset sizes, clinical objectives, and model perfor
mance as evaluated by AUC, accuracy, or R-squared value. Notably, all 
of these studies employed an intermediate fusion strategy combined 
with autoencoders, CNNs, ResNets, or their 3D variants for tasks such as 
pCR prediction, treatment response, tumor subtype classification, and 
diagnosis. These studies consistently reported high AUC values, ranging 
from 88% to 94%.

8. Conclusions

This survey reviewed multimodal AI approaches for breast cancer 
management, encompassing a diverse range of data sources, including 

Figure 4. Model Architecture. Image and text encoders are used for independent feature extractions from the dual-view image pair and the report, which are 
subsequently aligned in a common space and merged through a single hidden layer for classification.42

Table 6 
Summary of clinical data studies. 

Study Modalities Fusion Strategy AI Method Clinical Purpose Dataset Size Performance

Structured Clinical Data
Verma et al.101 Clinical/DCE-MRI Intermediate 3D CNN pCR 207 patients AUC: 88%
Karampuri et al.140 Gene/Protein Intermediate Autoencoder Treatment 14,963 samples R2: 92%
Liu et al.121 Gene/CNV/HP Intermediate CNN Subtype 1,098 samples AUC: 94%
Yu et al.104 Clinical/T1WI/T2WI Intermediate 3D DenseNet Survival 1,199 patients AUC: 90%
Mao et al.107 Clinical/T1WI/T2WI/DWI/WSI Intermediate CNN pCR 1,004 patients AUC: 91%
Qian et al.21 Clinical/US/MG Intermediate ResNet Diagnosis 5,025 patients Acc: 90%
Unstructured Clinical Reports
Wei et al.42 US/US Report Intermediate Transformer Diagnosis 290 patients AUC: 85%
Boehm et al.125 HP/HP Report Intermediate Transformer Recurrence 6,172 patients AUC: 89%

Abbreviations: 1. DCE-MRI: dynamic contrast-enhanced magnetic resonance imaging 2. CNV: copy number variants 3. T1: T1-weighted imaging 4. T2: T2-weighted 
imaging 5. DWI: diffusion-weighted imaging 6. HP: histopathological imaging 7. WSI: whole slide imaging 8. CNN: convolutional neural network 9. Acc: accuracy 10. 
AUC: area under the curve 11. MG: Mammography 12. US: ultrasound 13. pCR: pathologic complete response. 14. R2: R-squared. Clinical denotes structured 
clinical data.
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imaging modalities such as ultrasound, mammography, MRI, CT, PET, 
and microscopy, alongside structured clinical data and unstructured 
clinical reports. By organizing the literature around individual data 
modalities, imaging perspectives, and their integration strategies, this 
review provides a modality-centric synthesis of how multimodal AI has 
been applied across the clinical workflow, highlighting its role in im
proving diagnosis, tumor characterization, treatment planning, and 
outcome prediction. Importantly, this review highlights multimodal 
data integration and multimodal modeling, rather than individual al
gorithmic choices on a single modality, as the key driver of recent 
progress in AI-assisted breast cancer management.

Across studies, intermediate, early, or late fusion strategies com
bined with deep learning architectures such as CNNs, ResNets, and their 
3D variants consistently achieved high predictive performance, with 
AUC values typically ranging from 85% to 98% depending on the 
clinical task. Transformer-based models demonstrated promise in in
tegrating heterogeneous modalities, although performance in some 
cases was limited by small dataset sizes. Traditional machine learning 
algorithms, including SVM and XGBoost, remain suitable for small da
tasets, achieving moderate to high AUCs depending on the task. 
Notably, discrepancies in performance were often linked to differences 
in dataset size, illustrating the critical influence of data availability and 
composition on model generalizability.

Overall, these findings demonstrate the effectiveness of multimodal 
fusion in advancing AI-driven breast cancer care. More detailed ana
lyses reveal that multimodal fusion offers consistent performance gains 
when appropriately matched to data characteristics and clinical ob
jectives. In particular, comprehensive studies of multimodal fusion 
approaches in selected ultrasound investigations that employed early or 
intermediate feature-level fusion combined with AI model architectures 
such as CNNs or ResNets, have demonstrated enhanced performance in 
clinical tasks, including diagnosis, screening, and tumor subtype clas
sification, achieving AUC values exceeding 95%. Additionally, multi- 
view mammography studies using intermediate or late fusion strategies, 
in combination with CNN or ResNet architectures, have consistently 
achieved high AUC values across various diagnostic tasks, ranging from 
85% to 97%. Similarly, representative MRI studies employing similar 
fusion strategies with 3D CNN models also showed notable performance 
improvements, with AUC or accuracy values ranging from 88% to 92% 
for predicting both pCR and survival outcomes. Importantly, the choice 
of AI architectures and fusion strategies should be guided by dataset 
size and specific task requirements.

Despite these encouraging results, several critical challenges re
main. Many models are trained on relatively small or modality-im
balanced datasets, with limited external validation and under
representation of longitudinal data and diverse patient populations. 
Fusion strategies across studies often lack standardized, clinically 
guided protocols, thus limiting reproducibility and cross-study com
parisons. Furthermore, the interpretability of multimodal models and 
their integration into routine clinical workflows remain insufficiently 
addressed, potentially constraining their adoption in clinical practice.

Moving forward, several directions are likely to advance the field. 
Developing large-scale, well-curated multimodal datasets that integrate 
imaging, clinical, and textual information is critical for training reliable 
models and ensuring rigorous, unbiased evaluation. Clinically relevant 
fusion strategies and multimodal foundation models have the potential to 
capture complex disease patterns while improving generalizability. 
Incorporating multi-view and longitudinal data, such as sequential mam
mograms, ultrasound images, or MRI scans collected before, during, and 
after chemotherapy, or tracking changes in tumor size, shape, or radiomic 
features over time, can enhance modeling of disease progression, treat
ment response, and recurrence risk. Equally important is embedding in
terpretability, uncertainty quantification, and human-AI collaboration into 
model design to ensure AI functions as an effective clinical decision-sup
port system rather than an isolated predictor. Finally, rigorous external 
validation, prospective studies, and careful attention to regulatory and 

deployment considerations will be essential for translating multimodal AI 
from research into routine clinical practice for breast cancer management.
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