
Biomedical Signal Processing and Control 123 (2026) 110574 

A
1

 

Contents lists available at ScienceDirect

Biomedical Signal Processing and Control

journal homepage: www.elsevier.com/locate/bspc  

Multi-modal learning for automatic breast cancer diagnostics from 

mammography and ultrasound
Yhonatan Kvich a ,∗,1, Adi Kalamaro a ,1, Shachar Ashkenasy a, Adi Wegerhoff a,
Yishai M. Elyada b , Ahuva Grubstein c,d, Eli Atar c,d , Yonina C. Eldar a
a Faculty of Mathematics and Computer Science, Weizmann Institute of Science, Rehovot, Israel
bMobileye Vision Technologies, Ltd., Jerusalem, Israel
c Radiology Department, Beilinson Campus, Rabin Medical Center, Petah Tikva, Israel
d Gray Faculty of Medicine and Health Sciences, Tel Aviv University, Tel Aviv, Israel

A R T I C L E  I N F O

Keywords:
Breast cancer (BC)
Multi-Modality (MM) learning
Mammography imaging
Ultrasound imaging
Automated diagnostics
Artificial intelligence (AI) in healthcare

 A B S T R A C T

Screening mammography (MG) and ultrasound (US) are used for breast cancer (BC) diagnostic, offering 
complementary diagnostic information. Existing classification approaches, including artificial intelligence (AI), 
primarily focus on distinguishing between benign and malignant cases, overlooking the critical distinction 
between normal, benign, and malignant classes—thereby assuming the presence of abnormalities. Additionally, 
many methods depend on physician input, such as manually cropping regions of interest (ROIs) or contouring 
areas in US, which limits automation and scalability. We propose a fully automatic patient-level Multi-
Modality (MM) screening classification without physician input. Our learning framework that integrates MG 
and US data to improve classification without manual physician input. Our approach is the first to leverage 
C-view MG, a synthesized MG format, within a large dataset of 1250 patients with paired MG and US 
images. The framework employs an ArcFace layer to enhance tumor class separation. We evaluated two 
fusion techniques — feature concatenation and cross-attention — to effectively combine MG and US. Our 
MM model achieves Area Under the Curve (AUCs) of 95.5%, 97.5%, 98.9% for distinguishing normal, benign, 
and malignant cases, respectively. The evaluations highlight benefits of C-view MG and ArcFace, showing 
substantial improvements over models that exclude components or use architectures designed for cropped 
images and binary (benign/malignant) classification in prior studies. This work highlights the potential of MM 
approaches in BC classification, especially when combining complementary modalities, including C-View MG, 
with advanced imaging techniques and feature fusion strategies. By eliminating the need for manual physician 
input, our framework represents a significant step toward efficient, automated diagnostic solutions.
1. Introduction

Breast cancer (BC) is one of the leading causes of mortality in 
women worldwide, making early detection crucial, particularly for 
younger patients. Traditionally, 2D mammography (MG) has been the 
primary screening tool, as it enables the detection of smaller tumors, 
thereby contributing to reduced mortality rates [1]. However, its effec-
tiveness is limited in women with dense breast tissue, where a ‘‘masking 
effect’’ occurs due to overlapping parenchyma. To address this limita-
tion, supplemental imaging methods such as ultrasound (US) are recom-
mended for high-risk individuals. Additionally, Digital Breast Tomosyn-
thesis (DBT) MG offers a three-dimensional view of the breast, helping 
to overcome the tissue overlap challenge inherent in 2D MG [2]. 
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1 Equal contribution

From DBT imaging, C-view MG images are synthesized to create a 2D 
representation. This process reduces radiation exposure by eliminating 
the need for separate 2D scans, effectively addressing the limitations of 
standard MG.

Despite these technological advancements, the increased workload 
for radiologists remains a significant concern, particularly given global 
shortage of specialists [3]. Additionally, interpreting results from mul-
tiple imaging modalities poses challenges, often leading to consider-
able variability among radiologists [4,5]. Developing a fully automatic 
patient-level multi-modality screening system without physician input 
is especially important in general screening settings, where no prior 
indications are available. Although multiple imaging modalities may 
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be used, effectively combining their complementary strengths in an 
automated framework remains challenging. In recent years, deep learn-
ing models have demonstrated significant potential for improving BC 
detection, particularly through the application of MG based models [6–
8]. The authors in [9] show an Area Under the Curve (AUC) of 0.84 
for classification between benign and malignant cases. In [10], the 
authors exclusively used US scans and fine-tuned several well-known 
pre-trained architectures, including ResNet50, VGG-12, VGG-16, and 
VGG-19, for the task of classifying normal, benign, and malignant cases. 
Among these, ResNet50 achieved the highest accuracy of 77.77%. 
The methods in [8–10] did not require additional manual input from 
physicians.

To address the inherent limitations of MG and US, several studies 
have explored the combination of those modalities for BC classifica-
tion with promising results compared to using MG alone [11–14]. 
Those studies focus predominantly on binary classification between 
benign and malignant, limiting their ability to effectively differentiate 
normal tissue from pathological findings [12–16]. For instance, an 
ensemble method that combined classical machine learning algorithms 
such as SVM, naïve Bayes, and K-NN for both MG and US images 
achieved an AUC of 0.89 in distinguishing between malignant and 
benign cases [14]. Healthy cases present a significant challenge in clas-
sification, as benign features — such as dense tissue or benign masses 
— can closely resemble abnormalities like calcifications, masses, and 
distortions, making it difficult to differentiate normal from suspicious 
findings [17]. Limiting the model to benign or malignant cases reduces 
its applicability, as it assumes prior diagnosis of a tumor condition. 
Effective handling of cases where healthy individuals are suspected of 
cancer is essential to ensure broader diagnostic accuracy.

Another challenge arises from the dependence on manual tumor 
localization techniques, such as annotations and region of interest (ROI) 
cropping, increasing the workload for radiologists and introducing vari-
ability into the diagnostic process as in [12–15]. The authors in [13] 
applied a pre-trained GoogleNet model for a Multi-Modality (MM) BC 
classification using manually annotated tumor regions. This approach 
achieved an AUC of 0.94 for classification between benign and malig-
nant cases on a limited dataset of 153 patients. Another study [15] 
utilized a dataset of 31 patients to develop a MM model by employing 
SVM. The study used manually cropped ROI images, processed under 
the guidance of expert radiologists, and achieved an AUC of 0.99 for 
binary tumor classification. Similarly, Chen et al. [16] explored a MM 
approach for binary breast lesion classification. To minimize manual 
effort, they used YOLOv8 for automatic ROI detection, achieving an 
AUC of 0.97.

By focusing exclusively on ROI inputs, such approaches risk omit-
ting relevant spatial information present in the full breast image, 
potentially missing critical diagnostic indicators, such as those associ-
ated with multifocal cancer [18]. Additionally, the reliance on small 
datasets poses a major limitation in many studies, underscoring the 
need for larger and more diverse datasets to enhance model perfor-
mance and ensure broader applicability. Overall, the studies mentioned 
emphasize the need for automated and scalable methods capable of 
handling both pathological and healthy cases effectively.

In this paper, we utilize neural networks for three scenarios: two 
single-modality cases — one for MG and one for US — and a MM 
integration network. Our dataset includes 1250 patients, each provid-
ing four MG images captured from two distinct views, encompassing 
both 2D and 3D information, as well as a corresponding single US 
image per case. The MG modality includes various breast angles, in-
tegrating domain knowledge through C-view MG. The classification is 
always between three categories: normal, benign, or malignant. In the 
screening setting, women who are not clarified as having a suspicious 
findings, and relying on such priors would require physician input 
and shift the task toward diagnosis rather than screening. Moreover, 
our method does not assume pre-annotated or cropped regions of 
interest, which would again depend on expert labeling. Therefore, the 
2 
Table 1
Comparison between prior work and this work.
 Prior work This work  
 Lesion diagnosis Screening triage  
 Cropped ROI Full image  
 Binary classification Realistic three-class workflow 
 Physician-assisted Fully automated  

ability to perform fully automatic patient-level classification across the 
three classes is particularly valuable for screening workflows, where 
efficient, large-scale assessment of normal, benign, and malignant cases 
is essential. A concise comparison between prior approaches and our 
proposed framework is summarized in Table  1.

To enhance the dataset and address the challenges posed by limited 
instances, we expanded the number of instances by pairing the same 
four MG images with different US views from each patient. For each 
patient, several US images were available, allowing us to generate 
multiple instances by coupling the fixed MG images with a different 
US image each time. This approach ensures greater variability and 
robustness in the dataset. A pre-trained ResNet50 [19] serves as the 
backbone for feature extraction. The ArcFace layer [20] enhances class 
separability by introducing an additive angular margin to the softmax 
loss function, effectively enforcing a more discriminative feature space. 
This is particularly useful in our classification task, as it reduces intra-
class variability and increases inter-class distances in the embedding 
space, leading to more robust decision boundaries. For MM integra-
tion, we implement two fusion strategies, feature concatenation and 
cross-attention mechanisms [21,22], effectively combining the comple-
mentary strengths of MG and US modalities. The fused features are 
then passed through a fully connected layer for final classification. 
To address class imbalance, which arises naturally from the statistical 
distribution of individuals undergoing diagnostic tests, the networks 
are trained using a weighted cross-entropy loss function. US excels at 
detecting normal tissue patterns, while MG is particularly sensitive to 
malignant features, this sensing story is reflected in the single-modality 
results. By fusing features from both modalities, the MM framework 
leverages their complementary strengths to perform well across classes.

To evaluate diagnostic accuracy at the patient level, we conducted 
multiple assessments using different US images for each patient while 
keeping the same four MG images. The final predictions were ag-
gregated using a majority voting mechanism, combining results from 
all generated instances per patient. By integrating the complementary 
strengths of both modalities, our framework improves the BC diagnostic 
process, ensuring accurate classification, including the detection of 
normal cases, all without reliance on physician input. Our best network, 
a MM architecture utilizing concatenation for feature fusion, with C-
View MG data and ArcFace, achieved AUCs of 95.5% for normal, 
97.5% for benign cases, and 98.5% for malignant cases. To ensure 
robust evaluation, we partition the dataset into 10 equally sized folds, 
rotating through them such that each patient appears exactly once in 
the validation set. All reported results reflect validation performance 
averaged across these folds.

Our proposed model was compared to other approaches and out-
performed them, demonstrating the effectiveness of the MM approach. 
The comparison included several baselines to assess the impact of 
different components. First, we evaluated single-modality networks, 
including a standalone US model and an MG model trained with and 
without C-View MG. This allowed us to isolate the benefits of using C-
View MG in classification performance. We further compared against 
MM architectures that excluded key components, such as ArcFace and 
C-View MG. The MM model without ArcFace demonstrated weaker 
class separation, highlighting the importance of our discriminative 
transformation. Similarly, excluding the C-View MG images in the MM 
model resulted in lower performance, reinforcing the advantage of 
leveraging C-View MG. Additionally, we implemented the approach 
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from [13], which utilized a pre-trained GoogleNet for BC classification. 
We trained this model both with and without C-View MG to evaluate 
its effectiveness under different conditions. In both cases, our proposed 
MM model surpassed the performance of the GoogleNet-based method, 
further validating the advantages of our additional discriminative layer 
and feature fusion.

The remainder of this paper is organized as follows: Section 2 
describes our clinical dataset and the preprocessing steps applied. 
Section 3 details the methods used, including both single-modality and 
MM architectures. Section 4 presents the results, including evaluation, 
analysis, and comparison. Finally, Section 5 concludes the work and 
suggests potential future directions.

2. Clinical dataset

For this study, data was extracted from digital records at Rabin Med-
ical Center - Belinson Hospital, focusing on women who underwent MG 
and US within a six-month period. To ensure reliable outcomes, cases 
classified as benign or healthy required a minimum two-year follow-up, 
while cancer diagnoses had to be confirmed within six months of the 
MG exam. The Breast Imaging Reporting and Data System (BI-RADS), 
developed by the American college of radiology, provides a standard-
ized lexicon, assessment categories, and management recommendations 
to ensure consistent interpretation, reporting, and outcome monitoring 
of breast imaging across modalities. To maintain dataset integrity and 
avoid bias, inclusion criteria were applied. MG images containing 
surgical clips, pacemakers, or scar markers were excluded. Similarly, US 
images with annotations or Doppler features, were excluded to prevent 
the model from receiving unintended cues. This filtering was performed 
manually through visual inspection, though not by a clinical expert. 
Radiologists reviewed and categorized the dataset into three groups: 
malignant (136 cases), benign (446 cases), and normal (668 cases). As 
data for both breasts was not consistently available, we analyzed only 
one breast per patient, using its corresponding diagnostic information. 
We received images containing relevant findings. Our objective is to 
utilize our clinical dataset from both modalities to develop a robust MM 
classification for patient diagnosis. All data were collected from a single 
medical center, which may limit the diversity of imaging protocols and 
patient populations.

The MG images in this dataset were predominantly sourced from 
Hologic systems, with a smaller proportion from Siemens, and encom-
pass three key types

1. The Mediolateral Oblique (MLO) view, captures the breast at an 
angle from the upper outer to the lower inner region.

2. The Craniocaudal (CC) view, captures the breast tissue from 
above, providing a direct view of the central and inner regions

3. The C-View synthesized 2D images derived from 3D DBT, offer-
ing clear tissue visualization with reduced radiation, elevating 
the benefits of 3D imaging.

When referring to the MG of a patient, we are specifically discussing 
the use of a series of 4 images : MLO 2D, CC 2D, MLO C-View, CC C-
View. By using four different MG images, we offer a new combination, 
by expanding domain knowledge in our dataset, with the integration 
of C-VIEW images enhancing the classification of abnormalities that 
standard 2D MG might miss [23].

US images were collected from a wide range of equipment, mostly 
Siemens ACUSON S2000 and Supersonic MACH 30, ensuring diverse 
representation of imaging technologies [23]. This variety enhances 
the dataset’s robustness, enabling comprehensive evaluation of the 
model’s performance across different imaging systems. See Table  2 for a 
summary of dataset metadata including demographics, and imaging de-
vices. The dataset, free from prior interventions or annotations, allows 
the model to learn directly from the medical images. US images from 
over five vendors, with varying dimensions and extraneous noise, were 
3 
Table 2
Dataset metadata summary.
 Total number of patients 1814  
 Age (years) Min: 31, Max: 89, Mean: 52.43  
 Age distribution 30–35: 14, 35–40: 96, 40–45: 406,  
 45–50: 394, 50–55: 234, 55–60: 38,  
 60–65: 42, 65–70: 144, 70–75: 129,  
 75–80: 66, 80–85: 26, 85–90: 11  
 Sex All female  
 US device S2000: 940, Aixplorer MACH30: 665 
 iU22: 129, LOGIQE9: 76  
 Sequoia: 9, ABVS Workplace: 8  
 Aixplorer Ultimate: 4, Other: 7  

included to ensure dataset quality. Vendor-specific cropping procedures 
were applied to generate clean, focused images, minimizing noise and 
irrelevant details. For each patient, multiple US images were captured, 
each from a different angle, further enriching the dataset’s diversity.

We applied standard image augmentation techniques, including 
random horizontal flip and random rotation, to increase dataset vari-
ability while maintaining the natural clinical appearance of US and MG 
images [24]. For each patient, multiple US images were available, each 
treated as a separate entity to generate individual data instances. For 
every unique US image, we paired it with the same four MG images 
from the corresponding patient, creating a new data instance. This 
approach significantly increased the total number of data instances, 
allowing for training on a larger-scale dataset. Pairing the same MG 
examination with multiple US views reflects routine clinical practice, 
where MG provides global structure and US captures localized vari-
ability. This design leverages their complementary roles rather than 
introducing representation bias.

We divided the dataset into training (70%), testing (20%), and 
validation (10%) subsets, maintaining consistent class distributions and 
ensuring that each patient appeared in only one subset. To assess gener-
alization, we implemented a 10-fold cross-validation scheme in which 
the dataset was split into ten equal parts, and each subset served once 
as the validation set while the remaining were used for training and 
testing. This ensured that every patient contributed to the evaluation 
exactly once. This cross-validation strategy ensures that the vendor 
distribution is also mixed across folds, as each fold’s validation set is a 
randomly selected subset drawn from the entire dataset, including all 
vendors.

In the next section we present our single modalities and MM net-
works.

3. Methods

In this section, we begin by describing the single-modality models 
used for MG and US classification, followed by an explanation of the 
fusion strategies employed in the MM framework. Our single-modality 
MG model processes each view using a pre-trained ResNet50 encoder, 
which extracts high-level visual features from the four MG views. 
During training, the first two layers of the ResNet architecture are kept 
fixed, while the remaining layers are fine-tuned. This process generates 
four feature vectors, each of length 2048. These vectors are passed 
through two fully connected (FC) layers with LeakyReLU activations, 
reducing their dimensionality to 1024 and then to 512. To further refine 
the feature representation, a cross-attention mechanism [22] is applied, 
aggregating information across the four MG views into a single vector 
of length 512. This mechanism selectively emphasizes the most relevant 
features by computing weighted scores through a scoring function, 
improving classification accuracy by focusing on critical regions within 
the images.

The resulting cross-attention weighted vector is processed using the 
decoupling ArcFace method [20]. This approach leverages a contrastive 
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Fig. 1. ArcFace operator with angular margin for improved class separation.
Fig. 2. Single-modality MG Architecture.
learning layer to construct a more distinct feature space, significantly 
improving class separation. It introduces an additive angular margin 
𝑚 to the classification decision boundaries, enabling clearer distinc-
tions between categories in the 𝑐𝑜𝑠𝑖𝑛𝑒 space. This transformation is 
calculated by the following trigonometric identity 
cos(𝜃𝑖 + 𝑚) = cos(𝜃𝑖) cos(𝑚) − sin(𝜃𝑖) sin(𝑚) (1)

where 𝜃𝑖 is the angle between the feature vector of the input and 
the weight vector corresponding to class 𝑖. By adding the margin 𝑚, 
the decision boundary is pushed further in angular space, making the 
model more confident in distinguishing between classes. This results in 
the enhanced cosine similarity, represented as cos(𝜃𝑖 + 𝑚).

Conceptually, ArcFace enforces angular margin separation in the 
embedding space, which is particularly advantageous in MM settings 
where features originate from heterogeneous modalities and class dif-
ferences may be subtle. By promoting well-aligned and discriminative 
embeddings prior to fusion, it facilitates more reliable separation be-
tween normal, benign, and malignant cases. Fig.  1 presents a schematic 
of the ArcFace operator, illustrating its role in enforcing angular margin 
penalties to improve class separation.

Finally, the feature vector is passed through three additional FC 
layers, each utilizing LeakyReLU activations, progressively reducing its 
size from 256 to 128, then to 64, and ultimately to 3, corresponding 
to the classification output. Refer to Fig.  2 for a visual representation 
of the architecture. The final classification, using the softmax function, 
defined as 

Pr[𝑦 = 𝑖 ∣ 𝑥] = 𝑒𝑠⋅cos(𝜃𝑖+𝑚)
∑𝐶

𝑗=1 𝑒
𝑠⋅cos(𝜃𝑗 )

(2)

where 𝑠 is a scaling factor used to stabilize the training process.
Our single-modality US model processes a single US view as input, 

following a pipeline similar to the MG single-modality model. Feature 
extraction is performed using a pre-trained ResNet50 encoder, captur-
ing high-level visual features. The extracted feature vector, initially 
of length 2048, is reduced to 1024 and then to 512 using two FC 
layers with LeakyReLU activations, similar to the MG model. To en-
hance feature discrimination, the ArcFace method is applied, further 
reducing the feature vector’s dimensionality from 512 to 256. Finally, 
the resulting vector passes through three FC layers with LeakyReLU 
activations, reducing its size from 256 to 3 for the classification output. 
4 
This dimensionality reduction process mirrors the approach used in the 
single-modality MG model, maintaining consistency across modalities.

For our MM, we utilized the single-modality architectures as fea-
ture extractors, generating high-dimensional feature vectors from each 
modality after their ArcFace layers, each of dimension 256. We inves-
tigate two fusion methods: concatenation and cross-attention. The first 
approach involves concatenating the embedded features. This is highly 
effective for distinguishing subtle differences in more discriminative 
feature space. The concatenated vector represents the joint information 
from both modalities and serves as the input to subsequent layers, 
which are designed to perform the final classification with fully con-
nected layers. By leveraging concatenation, this approach preserves 
the unique characteristics of each modality while enabling the model 
to learn complementary relationships across modalities. This is fol-
lowed by FC layers with LeakyReLU activations, reducing the vector 
to a dimensionality of 3. Fig.  4 provides a visual depiction of the 
architecture.

The second fusion method uses a cross-attention mechanism [21] 
on the extracted feature vectors. This technique allows the model 
to focus on the most relevant features. Unlike concatenation, which 
passively aggregates features across modalities, cross-attention actively 
facilitates the dynamic interaction and selective alignment of features. 
This mechanism enables the model to adaptively emphasize modality-
specific information, such as refining representations from MG based 
on US and vice versa, optimizing inter-modal feature integration for 
enhanced learning. This process follows the standard multi-head cross-
attention mechanism, where each feature vector is used to derive key 
(𝐾), value (𝑉 ), and query (𝑄) representations. Cross-attention model 
is then applied, with each modality receiving the query from the other 
modality 
𝑓US = 𝐴𝑡𝑡(𝑄MG, 𝐾US, 𝑉US), 𝑓MG = 𝐴𝑡𝑡(𝑄US, 𝐾MG, 𝑉MG) (3)

where 𝑓US and 𝑓MG are the updated feature representations. The gen-
eral cross-attention function 𝐴𝑡𝑡 is defined as: 

𝐴𝑡𝑡(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾𝑇
√

𝐶

)

𝑉 (4)

where 𝐶 is the number of channels. The cross-attention fusion process 
is illustrated in Fig.  3, showing the exchange of queries between 
modalities, the use of multi-head cross-attention, and the concatenation 
of 𝑓  and 𝑓 .
US MG
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Fig. 3. Cross-attention fusion with multi-head cross-attention and concatena-
tion.

Like in the previous fusion method, we use FC layers to get a 
vector of length 3. The effectiveness of these fusion strategies is eval-
uated in the results section, where concatenation approach is shown 
to perform better, highlighting the benefits of direct feature aggrega-
tion. Training was performed using PyTorch with Python 3.9.7 on an 
NVIDIA L40 GPU, while inference was conducted using an NVIDIA A40 
GPU, also with PyTorch All networks, including single-modalities and 
MM models, were optimized using weighted cross-entropy to address 
class imbalances. Optimization was performed with Stochastic Gradient 
Descent (SGD), employing a learning rate of 0.001 over 100 epochs.

In the clinical setting, the proposed fully automated pipeline oper-
ates on paired US and MG images from a patient without any prior 
clinical information. Following a simple preprocessing step, as de-
scribed above, which can be performed by a technician and does not 
require physician input, the data are directly fed into the network to 
produce a three-class (normal, benign, malignant) classification.

4. Results

Recall that each US image was treated as a separate instance and 
paired with the same four MG images for each patient. The evaluation 
for each instance is done by taking the class with the higher value. 
To reflect the clinical objective of diagnosing at the patient level, we 
evaluate the model by aggregating predictions across all paired US and 
MG images from the same patient using a majority voting mechanism. 
This ensures that the final diagnosis accounts for the full multi-modal 
input per patient, rather than individual image instances. In this sec-
tion, we compare the performance of single-modality models, MM 
architectures — with and without C-View MG and the ArcFace layer 
— and previously used GoogleNet models trained with and without 
C-View MG. All evaluation are performed on the validation dataset.

The single modality MG model demonstrates high performance in 
detecting malignant cases, achieving an AUC of 95.4%, a recall of 
95.5%, and a precision of 98.8%, highlighting its robustness in identi-
fying critical cases. It achieves lower AUC for normal cases, with values 
of 67.5%, a recall of 68.0%, and a precision of 65.1%. Its performance 
in classifying benign cases is also weak, as reflected by a lower AUC of 
70.0%, a recall of 70.1%, and a precision of 73.0%. Notably, the use 
of MG imaging as the modality in this study underscores its significant 
strength in enabling high precision, particularly in detecting malignant 
conditions. The single-modality US model accurately identifies normal 
cases, achieving an AUC of 91.3%, a recall of 91.6%, and a precision 
of 94.9%. However, for benign cases, the model shows a lower perfor-
mance, with an AUC of 84.6%, a recall of 84.9%, and a precision of 
5 
67.9%. For malignant cases, the model presents a low AUC of 57.5%, 
a recall of 46.4%, and precision of 57.4%. While the US modality 
excels in detecting normal cases, it struggles with benign and malignant 
classifications. See Table  3 for the AUC values of the models across the 
different classes, reported as the mean ± standard deviation over the 
10-fold cross-validation.

While each modality demonstrates individual strengths, their com-
bination in MM has the potential to enhance overall performance. For 
instance, US excels in detecting normal cases, but shows weaker perfor-
mance in identifying malignant cases. In contrast, MG achieves superior 
performance in detecting malignant tumors but falls short in classifying 
normal case. When fused through MM approaches like concatenation 
or cross-attention, these strengths are combined, leading to improved 
overall performance. The concatenation method, in particular, balances 
the strengths of both modalities, achieving high and consistent AUC 
values across all classes. This complementarity demonstrates the impor-
tance of leveraging both modalities, as one modality compensates for 
the limitations of the other, leading to a more robust classification. The 
concatenation method yields strong performance, achieving an AUC of 
95.5%, 97.5%, and 98.5% for normal, benign, and malignant cases, 
respectively. There is also a low standard deviation across the different 
folds with values of 5.2, 3.4, and 3.0 for normal, benign and malignant 
class, receptively. this indicate that the methods achieve consistent 
results, showing generalization. This demonstrates an improvement in 
benign detection over the single-modality US (84.6%) and MG (70.0%) 
models. Meanwhile, cross-attention methods shows slightly lower AUC 
values for the benign and malignant classes (96.2% and 87.5%, respec-
tively). In contrast, the model without ArcFace achieves a higher AUC 
for the normal class (98.0%) but exhibits substantial variability across 
folds for the benign and malignant classes, as indicated by the larger 
standard deviations. These results suggest that while cross-attention 
may aid in distinguishing normal cases, the concatenation-based fusion 
offers more robust and consistent performance across all classes and 
folds.

To further explore whether cross-attention performance could be 
improved, we evaluated lightweight alternatives aimed at stabilizing 
the fusion process. First, we applied L2 normalization to the embed-
dings after ArcFace and prior to fusion. This resulted in degraded 
performance and increased variability across folds, with mean AUCs 
of 0.70 ± 0.45, 0.60 ± 0.40, and 0.80 ± 0.50 for the normal, benign, 
and malignant classes, respectively. A possible explanation is that, 
in a multimodal setting, the magnitude of the feature embeddings 
carries meaningful information about the relative contribution of each 
modality. Enforcing a fixed norm may therefore remove important 
modality-specific cues, particularly given that MG and US exhibit differ-
ent strengths across classes. We also evaluated a single-head attention 
mechanism as a simplified alternative to multi-head cross-attention. 
This approach likewise resulted in inferior performance and high vari-
ability, with mean AUCs of 0.70 ± 0.40, 0.87 ± 0.45, and 0.79 ± 0.47 for 
the normal, benign, and malignant classes, respectively. This may be 
attributed to the limited representational capacity of a single attention 
head, which constrains the ability to capture the complex relationships 
between modalities.

The concatenation MM model achieves high AUC for both nor-
mal and malignant cases compared to single-modality models (US for 
normal, MG for malignant)—but excels by performing well on both 
simultaneously. It also notably improves AUC for benign cases, where 
single-modality models struggle, offering strong performance across 
all classes. Table  3 shows the AUC of the various models and Fig.  5 
(left) for the Receiver Operating Characteristic (ROC) curves of the 
concatenation MM model for one of the folds. Importantly, unlike 
semantic MM settings such as image–text pairs, US and MG repre-
sent physically complementary measurements rather than semantically 
aligned modalities; therefore, simple feature concatenation provides a 
more stable and appropriate fusion strategy than cross-attention-based 
mechanisms that assume explicit cross-modal alignment.
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Fig. 4. Concatenation MM architecture.
Fig. 5. ROC curves for the concatenation MM network on the validation dataset. Normal — Class 0, Benign — Class 1, Malignant — Class 2. The left panel 
shows results with ArcFace incorporated, and the right panel shows results without ArcFace.
Table 3
AUC performance comparison (in %) for all models across the three classification categories: normal, benign, and malignant. 
Results are averaged over 10-fold cross-validation and reported as mean ± standard deviation. 
 C-View ArcFace Normal Benign Malignant  
 usage incorporation  
 Single-modality US No Yes 91.3 ± 4.7 84.6 ± 4.8 57.5 ± 24.0 
 Single-modality MG Yes Yes 67.5 ± 7.1 70.0 ± 6.2 95.4 ± 7.2  
 No Yes 57.9 ± 19.1 36.7 ± 15.2 86.5 ± 17.5 
 
Concatenation MM

Yes Yes 95.5 ± 5.2 97.5 ± 3.4 98.5 ± 3.0  
 No Yes 50.0 ± 29.7 82.5 ± 19.5 50.0 ± 11.2 
 Yes No 82.2 ± 11.7 71.4 ± 11.5 97.2 ± 4.6  
 Cross-attention MM Yes Yes 85.3 ± 29.2 96.2 ± 4.5 79.0 ± 39.8 
 Yes No 98.0 ± 1.7 75.0 ± 39.2 87.5 ± 29.2 
 GoogleNet Yes No 93.0 ± 4.0 81.6 ± 9.4 96.8 ± 7.3  
 No No 87.0 ± 5.6 57.0 ± 9.9 90.0 ± 9.1  
The confusion matrix in Fig.  6 illustrates the performance of MM 
with concatenation fusion, aggregated across all 10 folds. Each patient 
appeared exactly once as validation, making this a true patient-level 
analysis. The model achieved a recall of 95.7% and a precision of 
98.5% for normal class, correctly identifying 335 out of 350 cases. 
For the benign class, the model achieved a recall of 97.7% and a 
6 
precision of 92.4%, correctly identifying 208 out of 213 cases. For 
the malignant class, the model achieved a recall of 97.8% and perfect 
precision of 100%, correctly identifying 91 out of 93 cases. These 
metrics highlight strong performance for normal and malignant cases 
and slightly lower performance for the benign cases. The high recall 
and precision for malignant cases highlights the model’s effectiveness in 
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Fig. 6. Confusion matrix for the concatenation MM at the patient level, 
aggregated over the validation sets of all 10 cross-validation folds, with each 
patient appearing exactly once as validation.

detecting cancerous tumors, though distinguishing between normal and 
benign cases remains a challenge. This challenge is also well recognized 
in clinical practice, as radiologists often find differentiating benign 
findings from normal tissue more difficult than identifying malignant 
lesions, due to subtle and overlapping imaging characteristics.

The method in [10] achieved 77.77% accuracy for single-modality 
US but did not report a full confusion matrix or AUC values. In contrast, 
our ArcFace-enhanced US model reached 86.3% patient-level accuracy 
across the folds, demonstrating its effectiveness. Our concatenation MM 
model further improves performance, achieving higher AUC values and 
an 96.6% accuracy, as shown in the confusion matrix in Fig.  6.

As part of an ablation analysis, we evaluate the contribution of C-
View MG input and ArcFace incorporation to the model’s performance. 
We examined the effect of incorporating the C-View MG into the 
networks. For the single-modality MG approach, including C-View MG 
led to an AUC of 67.5% for normal, 70.0% for benign, and 95.4% 
for malignant cases. When C-View MG was not included, performance 
dropped across all classes, with AUC values of 57.9% for normal, 
36.7% for benign, and 86.5% for malignant cases, demonstrating a 
reduction in performance when C-View was excluded. There is also 
an increasing in performance variably across the folds, as indicated in 
higher standard deviation of the AUCs. Our MM approach performed 
worst without the use of C-View MG, lowering the AUCs to 50.0% 
for normal, 82.5% for benign, and 50% for malignant cases. We also 
implemented a model from a previous study designed for binary BC 
classification (benign and malignant) using a pre-trained GoogleNet 
refined on clinical data [13]. This model relied on manually annotated 
MG and US images, requiring physician input for localizing regions of 
interest. We adapted their approach to classify normal, benign, and 
malignant cases without using manual localization. This adaptation 
allowed us to evaluate its performance in a fully automated setting, 
aligning with the goals of our study. The results demonstrate the ben-
efits of our approach over models dependent on manual intervention. 
The results were lower compared to our approach, with AUC values of 
93.0% for normal, 81.6% for benign, and 96.8% for malignant cases. 
To evaluate the impact of C-View MG in this MM approach, we also 
refined the pre-trained GoogleNet on the clinical data excluding C-
View MG. In this case, the AUC values were 87.0% for normal cases, 
57% for benign cases, and 90.0% for malignant cases. These findings 
reveal a consistent pattern, showing that excluding C-View MG leads 
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to a decline in performance. Overall, these results demonstrate that 
our MM approach outperforms the previous study in the absence of 
annotated data while emphasizing the significant impact of C-View MG 
information.

Table  3 also demonstrates the significant impact of applying the 
ArcFace layer on the performance of our MM methods. For the con-
catenation fusion, AUC values with ArcFace are 95.5% (normal), 97.5% 
(benign), and 98.5% (malignant), compared to lower values of 82.2%, 
71.4%, and 97.2% without ArcFace. For the cross-attention fusion, 
AUC values with ArcFace are 85.3 (normal), 96.2% (benign), and 87.5 
(malignant), while without ArcFace the AUC for normal and malignant 
cases increase to 98.0% and 87.5%, respectively. The AUC for benign 
dropped to 75%. Note that for cross-attention fusion there are big 
variability thought the folds. Fig.  5 displays the ROC curves for the 
concatenation-based MM, comparing performance with ArcFace (left) 
and without ArcFace (right) on the same cross-validation fold. The 
absence of ArcFace leads to notably poorer AUCs, particularly in cor-
rectly identifying normal cases. While the AUC for normal cases in this 
specific fold is lower than the average AUC over all folds without Arc-
Face, this illustrates the increased variability across folds when ArcFace 
is not used. Unlike the conventional approach of integrating ArcFace 
into the loss function, we deliberately applied the ArcFace layer to the 
high-dimensional feature vectors generated by each modality before 
fusion. This mapping to a more discriminative manifold enhances the 
separability of features, improving the overall classification.

To interpret the model’s predictions, we applied Grad-CAM [25], 
which highlights the image regions most influential to the classification 
decision. This is clinically significant for interpretability, as the model 
is expected to focus on meaningful anatomical regions such as lesions in 
benign or malignant cases across both modalities, rather than on irrele-
vant image areas or artifacts that are not clinically relevant. Given a set 
of input images from a single patient, 𝐼 = {𝐼US, 𝐼MG1

, 𝐼MG2
, 𝐼MG3

, 𝐼MG4
}, 

consisting of one US and four MG views, Grad-CAM generates class-
discriminative heatmaps by computing the gradient of the class score 
𝑦𝑐 with respect to the final convolutional feature maps 𝐴𝑘: 

𝛼𝑐𝑘 = 1
𝑍

∑

𝑖

∑

𝑗

𝜕𝑦𝑐

𝜕𝐴𝑘
𝑖𝑗

(5)

where 𝑍 is the spatial size of the feature map, and 𝛼𝑐𝑘 represents 
the importance of feature map 𝐴𝑘 for class 𝑐. The heatmap is then 
computed as: 

𝐿𝑐 = ReLU
(

∑

𝑘
𝛼𝑐𝑘𝐴

𝑘

)

. (6)

We applied Grad-CAM to the single-modality branches within our 
MM concatenation model, focusing on the final residual block of the 
deepest convolutional layer in ResNet50. This layer captures high-level 
spatial features while maintaining localization accuracy. Fig.  7 presents 
Grad-CAM visualizations for a malignant patient, showing the US, MG, 
and their respective heatmaps. For the benign case (Fig.  8), the MG 
clearly highlights a localized region of interest corresponding to the 
lesion. Meanwhile the US focuses on a region in the upper part of 
the image and extension to the finding, marked in the figure. For 
the normal case (Fig.  9), the MG shows mild sensitivity to an area 
slightly lower and outside the central breast region, whereas the US 
emphasizes a region outside the chest wall, clearly not representing 
a breast cancer—consistent with the model’s strong performance on 
normal cases. The visualizations correspond to the malignant class, 
illustrating that the model primarily attends to suspicious regions, 
reinforcing its interpretability and clinical relevance.

The results highlight the distinctiveness of our proposed architec-
ture, where the creation of a discriminative space via the ArcFace 
transformation, combined with the inclusion of C-View MG, enables 
high performance without reliance on manual localization techniques 
from physicians. This approach streamlines the diagnostic process, 
achieving significantly high AUC values for a more complex classifica-
tion problem that includes normal cases as well. These advancements 
underscore the robustness and efficiency of our method in handling MM 
information.
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Fig. 7. Visualizations for a malignant patient. (a) MG image, (b) US image, (c) 
Grad-CAM for the MG image, and (d) Grad-CAM for the US image, highlighting 
the suspicious area identified by the model.

Fig. 8. Visualizations for a benign patient. (a) MG image, (b) US image with 
green arrow indicating the radiologist-marked finding, (c) Grad-CAM for MG, 
(d) Grad-CAM for US, showing model cross-attention on suspicious regions.

5. Conclusion

In this study, we introduced a fully automated MM network for 
BC classification, leveraging MG and US images without requiring 
any physician input. Our approach classifies cases into three distinct 
categories: normal, benign, and malignant, offering a comprehensive 
diagnostic solution. A key innovation of our work is the integration 
of C-View MG, a synthesized MG format not previously utilized in 
BC classification. Additionally, we incorporated a contrastive layer to 
enhance class separation, further improving the model’s discriminative 
capabilities. Our MM framework effectively combines the strengths of 
both modalities: MG excels at identifying malignant cases, while US is 
particularly effective in detecting normal cases. This synergy enabled 
our MM model, using concatenation for feature fusion, to outperform 
the single-modality at the classification task. Our method is also capa-
ble of accurately detecting benign cases better than single-modalities. 
8 
Fig. 9. Visualizations for a patient without findings (normal case). (a) MG 
image, (b) US image, (c) Grad-CAM for MG, (d) Grad-CAM for US, showing 
model cross-attention in low-suspicion regions.

The proposed MM approach demonstrates significant potential for real-
world applications, paving the way for fully automated and reliable BC 
diagnostics.

A limitation of this study is that the dataset was collected from a 
single medical center, which may affect generalizability to other institu-
tions. However, the dataset includes variability across imaging devices 
and acquisition settings, which partially mitigates this limitation.
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