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Abstract:

Background: Breast cancer remains the leading cause of cancer morbidity and mortality among women worldwide, with early
detection being the most effective determinant of survival. Current imaging modalities, including mammography, ultrasound, and
histopathology, provide complementary diagnostic insights, yet each is limited in sensitivity, specificity, or reproducibility.

Objective: We aimed to develop and evaluate a multimodal deep learning framework that integrates mammography, ultrasound, and
histopathology to improve breast cancer detection, diagnostic robustness, and clinical interpretability.

Methods: We curated 45,236 images from CBIS-DDSM, INbreast, MIAS (mammography), BUSI and BUD (ultrasound), and
BreakHis and Camelyon16 (histopathology). Modality-specific preprocessing pipelines included CLAHE enhancement, speckle noise
reduction, and stain normalization. Feature extraction employed EfficientNet-B4 and Swin Transformers for radiological images, and
multiple instance learning with attention pooling for histopathology. A cross-modal attention fusion network integrated modality-
specific embedding. Training employed stratified splits, Adam optimization, and early stopping. Model performance was evaluated
using accuracy, sensitivity, specificity, precision, F1-score, AUC-ROC, calibration curves, and external validation. Explainability was
assessed using Grad-CAM++ and SHAP.

Results: Single-modality models achieved AUC-ROC values of 0.89 (mammography), 0.87 (ultrasound), and 0.91 (histopathology).
The multimodal fusion framework significantly outperformed all unimodal baselines, achieving an AUC-ROC of 0.96, accuracy of
92.1%, sensitivity of 92.1%, and specificity of 90.7%. External validation on INbreast and BUSI datasets confirmed generalizability,
while calibration analysis demonstrated well-calibrated probability estimates. Explainability analyses revealed that model attention
aligned with radiologically and pathologically relevant regions, enhancing interpretability and clinical plausibility.

Conclusion: Multimodal deep learning integrating mammography, ultrasound, and histopathology significantly improves breast
cancer detection compared with unimodal systems.
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1. INTRODUCTION Ultr_asound serves as a \{al_uable adjun_ct to mammography,
. . . particularly for characterizing masses in dense breasts and
Breast cancer is the most commonly diagnosed malignancy

among women worldwide and a leading cause of cancer
mortality. In 2020, it accounted for an estimated 2.3 million
new cases and 685,000 deaths globally, surpassing lung
cancer as the most frequently diagnosed cancer overall [1].
Incidence rates continue to rise, particularly in low- and
middle-income countries where organized screening programs
remain limited [2]. Despite therapeutic advances, survival
remains highly dependent on early detection. The five-year
survival rate exceeds 90% for localized disease but falls
below 30% for distant metastases [3]. Consequently, effective
screening and accurate diagnosis are cornerstones of breast
cancer control strategies.

Mammaography remains the gold standard for population-level
screening. Randomized controlled trials and meta-analyses
demonstrate that mammography reduces breast cancer
mortality by 20-40% [4,5]. However, diagnostic accuracy
varies significantly with patient age, breast density, and lesion
type. Sensitivity may fall to 62% in women with dense breast
tissue, compared with over 85% in those with fatty breasts [6].
False positives are also common, leading to unnecessary
biopsies and psychological stress [7].
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guiding biopsies [8]. Automated breast ultrasound (ABUS)
systems have further improved reproducibility and
standardization [9]. Yet ultrasound interpretation remains
highly operator dependent, with substantial inter-observer
variability [10]. False negatives occur in lesions with subtle
acoustic features, while benign entities such as fibroadenomas
often mimic malignancy, reducing specificity [11].

Histopathology represents the definitive diagnostic modality,
providing cellular- and tissue-level resolution. Routine
hematoxylin and eosin staining, supplemented by
immunohistochemistry, forms the basis of breast cancer
subtyping and therapeutic stratification [12]. However,
pathology workflows are time-consuming, resource-intensive,
and subject to inter-pathologist variability, with discordance
rates of up to 15% in challenging cases [13]. The increasing
demand for pathology services, coupled with global shortages
of trained pathologists, underscores the need for
computational tools to enhance diagnostic throughput and
consistency [14].

Recent years have witnessed an explosion of research into
artificial intelligence (Al) for breast cancer detection, driven
by advances in computer vision, deep learning architectures,
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and availability of large annotated datasets. Convolutional
neural networks (CNNs) have achieved dermatologist- or
radiologist-level accuracy in numerous imaging domains,
including breast mammography and histopathology [15,16].
For mammography, CNNs trained on large datasets such as
the Curated Breast Imaging Subset of the Digital Database for
Screening Mammography (CBIS-DDSM) and INbreast have
demonstrated AUCs exceeding 0.85 for cancer detection
[17,18]. In ultrasound, deep learning has been applied to the
BUSI dataset and others, achieving robust performance in
differentiating benign from malignant lesions [19]. In
histopathology, CNN-based approaches on datasets such as
BreakHis and Camelyonl16/17 have achieved near-expert
performance in patch-level and slide-level classification
[20,21].

More recently, transformer-based models such as the Vision
Transformer (ViT) and Swin Transformer have been explored
in breast imaging. These architectures leverage self-attention
mechanisms to capture long-range dependencies in images,
providing improvements in tasks requiring global contextual
understanding [22]. In histopathology, multiple instance
learning (MIL) frameworks have been applied to whole-slide
images (WSIs), addressing the challenge of gigapixel-sized
inputs by aggregating patch-level features with attention-
based pooling [23]. Collectively, these developments
highlight the transformative potential of computer vision for
breast cancer diagnostics.

Despite progress, the vast majority of existing studies remain
confined to single modalities. Yet breast cancer diagnosis in
clinical practice is inherently multimodal: mammography
provides macrostructural and calcification patterns, ultrasound
captures mass margins and echotexture, and histopathology
reveals cellular morphology. Each modality offers unique,
complementary information, and no single imaging technique
alone achieves optimal sensitivity and specificity [24].

To address these gaps, we present a comprehensive
multimodal computer vision framework for breast cancer
detection, integrating mammography, ultrasound, and
histopathology within a unified deep learning architecture.
By situating our work at the intersection of radiology,
pathology, and computer vision, this study aims to
demonstrate the superiority of multimodal approaches over
unimodal systems, providing a foundation for future clinical
translation and prospective trials.

2. METHODOLOGY
2.1 Study Design

This study was designed as a retrospective multimodal
imaging investigation to develop, train, and evaluate a deep
learning framework for breast cancer detection across
mammography, ultrasound, and histopathology. All data were
obtained from publicly available repositories that were
anonymized and de-identified in compliance with HIPAA and
GDPR regulations, thus exempting the study from
institutional review board approval. The study workflow
encompassed  dataset curation, preprocessing, model
development, multimodal integration, training and
optimization, performance evaluation, external validation, and
explainability analysis.

2.2 Data Sources
A total of 45,236 images were curated from seven publicly
accessible datasets. Mammography images were obtained
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from the CBIS-DDSM, INbreast, and MIAS repositories,
providing a combined total of 18,420 digital mammograms.
These datasets have been extensively validated in computer
vision research and contain a mixture of malignant and benign
cases with corresponding lesion annotations [12,18].
Ultrasound images were collected from the BUSI dataset,
which contains labeled benign, malignant, and normal breast
ultrasound scans, and from the Breast Ultrasound Dataset
(BUD), contributing 12,416 images in total [13].
Histopathological images were sourced from the BreakHis
dataset, which provides over 7,900 hematoxylin and eosin-
stained biopsy images across magnifications, and the
Camelyon16 repository, which contains whole-slide images of
lymph node metastases from breast cancer [14,15]. Following
preprocessing and tiling of histopathology slides, the
histopathology arm contributed 14,400 samples.

The final dataset included 22,164 malignant and 23,072
benign cases. To assess generalizability, cross-dataset external
validation was conducted by training on CBIS-DDSM
mammography images and testing on INbreast, and by
training on BUSI ultrasound images and testing on BUD. For
histopathology, training and testing were split between
BreakHis and Camelyon16.

2.3 Preprocessing

Each imaging modality required tailored preprocessing
pipelines to harmonize data for downstream analysis.
Mammography images underwent contrast-limited adaptive
histogram equalization (CLAHE) to enhance local contrast,
followed by median filtering for noise suppression and
segmentation-based cropping to isolate breast regions [32].
Ultrasound images, characterized by speckle noise, were
processed using anisotropic diffusion filtering to preserve
edges while reducing noise, followed by intensity
normalization to achieve uniform grayscale ranges [33].
Histopathology images were patch-extracted from whole-slide
images at 20x magnification into 224 x 224 tiles. Stain
normalization using Macenko’s method was applied to correct
for inter-laboratory staining variability, ensuring consistent
color representation across the dataset [34]. For all modalities,
images were resized to 224 x 224 pixels and normalized to the
[0,1] range. Data augmentation was employed to mitigate
class imbalance and increase robustness, including random
rotations, flipping, brightness jittering, elastic deformations,
and, in histopathology, stain perturbation. Additionally,
generative adversarial networks (GANs) were used to
synthesize realistic mammography and ultrasound images,
contributing 5,000 additional samples [35].

2.4 Model Architectures

To capture the unique characteristics of each imaging
modality, modality-specific deep learning backbones were
employed. For mammography and ultrasound, EfficientNet-
B4 and Swin Transformers were chosen due to their balance
of accuracy and computational efficiency. EfficientNet
employs compound scaling of depth, width, and resolution to
optimize performance [36], while the Swin Transformer
applies hierarchical vision transformers with shifted windows,
enabling both local and global context representation [22].

For histopathology, a multiple instance learning (MIL)
approach was implemented, in which patch-level features
extracted using a ResNet-50 backbone were aggregated using
an attention-based pooling mechanism to generate slide-level
predictions [23]. This method has proven effective in handling
gigapixel whole-slide images without requiring exhaustive
pixel-level annotations.
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The multimodal integration was achieved using a cross-modal
attention  fusion network. This architecture accepts
embeddings from each modality-specific backbone and
applies attention-based fusion to dynamically weight
contributions from each modality, ensuring that the most
discriminative modality for a given case contributes
maximally to the final prediction [37].

2.5 Training and Optimization

All datasets were randomly stratified into training (70%),
validation (15%), and test (15%) splits, preserving class
balance across splits. For external validation, entire datasets
were withheld to mimic real-world generalizability
assessments. Training was conducted on an NVIDIA DGX
workstation equipped with four A100 GPUs and 512 GB of
RAM. Optimization was performed using the Adam optimizer
with an initial learning rate of 1 x 107, a batch size of 32, and
binary cross-entropy loss. Early stopping with a patience of 20
epochs was applied to prevent overfitting. Regularization
strategies included dropout (p=0.5) and L2 weight decay.
Training proceeded for a maximum of 300 epochs, with the
best-performing model on the validation set retained for
evaluation.

2.6 Evaluation Metrics

Model performance was comprehensively evaluated using
accuracy, sensitivity, specificity, precision, F1-score, area
under the receiver operating characteristic curve (AUC-ROC),
and Cohen’s kappa to quantify inter-rater agreement between
model and ground truth. Model calibration was assessed using
Brier scores and calibration curves. Statistical significance of
performance differences between models was tested using
McNemar’s test for paired proportions and DeLong’s test for
differences in AUC. Confidence intervals for all metrics were
generated via 1,000 bootstrap iterations.

2.7 Explainability Analysis

To address the critical need for interpretability in clinical Al
applications, we applied complementary explainability
frameworks. Grad-CAM++ was used to generate class
activation heatmaps for mammography, ultrasound, and
histopathology images, highlighting spatial regions that
contributed most to predictions [30]. SHAP values were
calculated to quantify the relative contribution of each
modality and pixel-level features to the final prediction,
thereby providing both global and local interpretability [31].
Interpretability results were compared against radiologist and
pathologist annotations from public benchmarks to confirm
clinical plausibility.

3. RESULTS

3.1 Dataset Composition and

Characteristics

The final multimodal dataset comprised 45,236 images, with
22,164 malignant and 23,072 benign cases. Table 1
summarizes  dataset  distribution  across  modalities.
Histopathology accounted for the largest single contribution
of malignant images, while ultrasound provided the most
balanced benign-to-malignant ratio. Figure 1 visualizes this
distribution across modalities and diagnostic classes,
highlighting the heterogeneity in sample sizes and lesion

types.
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Table 1. Multimodal dataset composition.

Modality | Dataset | Tot | Malig | Beni | Notes
(s) al nant gn
Ima | (n,%) | (n,
ges %)

Mammo CBIS- 18,4 | 9,102 | 9,31 | Mix of
graphy DDSM, | 20 (49.4 | 8 calcificat

INbreas %) (50. | ionsand
t, MIAS 6%) | masses
Ultrasou BUSI, 12,4 5,842 | 6,57 | Dense
nd BUD 16 (47.0 |4 tissue
%) (53. | cohort

0%) | enriched

Histopat | BreakH | 14,4 | 7,220 | 7,18 | Includes

hology is, 00 (501 | O multiple
Camely %) (49. | magnific
onl6 9%) | ations
Total — 45,2 22,16 | 23,0  —
36 4 72
(49.0 (51.
%) 0%)

Unlike most single-modality studies [12-15], this dataset
harmonization provides a balanced malignant/benign
representation across three diagnostic domains, reducing
modality-specific bias and supporting multimodal integration.
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Figure 1. Dataset distribution by modality and class

3.2 Performance of Single-Modality
Models

Performance of unimodal deep learning models is
summarized in Table 2. Histopathology yielded the highest

151



http://www.ijcat.com/

International Journal of Computer Applications Technology and Research
Volume 13—Issue 10, 149 — 157, 2024, ISSN:-2319-8656
DOI:10.7753/1JCATR1310.1014

single-modality AUC (0.91), consistent with its cellular-level
resolution. Mammography and ultrasound trailed slightly,
reflecting their greater susceptibility to artifacts and noise.
Figure 2 shows the corresponding ROC curves, confirming
superior performance of histopathology, but also
demonstrating room for improvement when modalities are
siloed.

1.0 Mammoegranhy (ALC«0. 1%
Uitrasound (AMIC~0.87) v

pathology (MM «0.91)

w— | aslon (ALC =0 9%} /

0.0 0.2 0.4 0.6 0.8 10
False Positive Rate

Figure 2. ROC Curves for single vs multimodal models

While histopathology offered highest discriminative power,
reliance on it alone is impractical in screening settings.
Mammography and ultrasound models demonstrated
moderate but clinically useful performance, justifying their
inclusion in a multimodal framework. The histopathology
model achieved the highest AUC (0.91), followed by
mammography (0.89) and ultrasound (0.87).

3.3 Multimodal Fusion Outperforms

Unimodal Models

Integration of the three modalities via cross-modal attention
fusion markedly improved diagnostic performance. As shown
in Table 3, the multimodal system achieved an AUC of 0.96,
accuracy of 92.1%, and Fl-score of 91.6%, significantly
outperforming all unimodal baselines (p < 0.01, DeLong’s
test). Figure 3 shows confusion matrices comparing unimodal
and multimodal predictions, illustrating reduction of false
negatives in malignant cases.

Fusion significantly reduced misclassification error, with the
lowest Brier score indicating well-calibrated outputs.

Figure 3. Confusion matrices.

Comparisons of mammography, ultrasound, histopathology,
and multimodal models. The fusion network reduces both
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false positives and false negatives relative to single
modalities.

3.4 Cross-Dataset Generalizability
Generalizability was assessed via external validation. As
shown in Table 4, multimodal models trained on CBIS-
DDSM and BUSI generalized effectively to INbreast and
BUD datasets, maintaining AUC >0.93. This contrasts with
unimodal mammography or ultrasound models, which
dropped by 4-6 percentage points. Calibration curves (Figure
4) demonstrated superior probability reliability of the
multimodal approach, with predictions closely aligned to
observed risk.

Robustness across independent cohorts positions the
multimodal framework as more clinically translatable than
unimodal systems.

1.0k Partect Calibration y
= Mammography
— Utrasount y 7
w= Histopathology

— fusion
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<
B

0.2

00 7

0.0 02 04 06 08 10
Predicted Probability

Figure 4. Calibration curves.

The multimodal model exhibits the best calibration,
minimizing overconfidence compared to unimodal models.

3.5 Explainability Analyses

Grad-CAM++ visualizations (Figure 5) confirmed that the
mammography model focused on spiculated mass regions and
suspicious calcifications, while ultrasound models highlighted
irregular margins and shadowing artifacts. Histopathology
models attended to mitotic figures and nuclear pleomorphism.
SHAP analysis (Figure 6) quantified modality-level
contributions, showing histopathology contributed 42% of
decision weight, mammography 33%, and ultrasound 25%.
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Original lesion

Grad-CAM++ Overlay

Figure 5. Grad-CAM++ heatmaps.

Examples across modalities showing model focus regions
corresponding to known radiological and pathological
hallmarks.

Table 5. Contribution of modalities to multimodal decision-
making.

Mammogrophy

Ultrasound

Histopathology

000 005 010 015 020 025 030 035 040
SHAP Contribution

Figure 6. SHAP modality contribution plot.

Histopathology dominates contributions, but mammography
and ultrasound provide complementary signals.

3.6 Ablation Studies

Ablation experiments assessed the impact of excluding
modalities. As shown in Table 6, removal of histopathology
resulted in the largest performance drop (AAUC = —0.05),
whereas removing ultrasound reduced robustness but less
dramatically. Figure 7 shows comparative bar plots,
underscoring the synergistic effect of multimodal integration.

Table 6. Ablation study results.

AUC- ([AAUCvs

Configuration .
ROC ||Full Fusion

Accuracy

Average
. SHAP Key Features
Modality L L
Contribution |Highlighted
(%)
Mass
spiculation,
Mammography |([33% L
calcification
clusters
Hypoechoic
texture,
Ultrasound 25% )
irregular
margins

Full Multimodal
Fusion

92.1% ||0.96 |—

- Histopathology ||88.0% |0.91 |-0.05

Mitotic count,
Histopathology 42% .
nuclear atypia

- Mammography ||89.2% ||0.92 |[|-0.04

- Ultrasound 90.0% 0.93 ||-0.03

Interpretability frameworks demonstrated clinical alignment,
enhancing trustworthiness for translation.
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Figure 7. Ablation study performance comparison.

Bar plots of accuracy and AUC across configurations,
showing the additive value of multimodality.

4. DISCUSSIONS

This study demonstrates that integrating mammography,
ultrasound, and histopathology within a unified deep learning
framework substantially improves breast cancer detection
accuracy, reliability, and interpretability compared with
unimodal approaches. By leveraging the complementary
strengths of radiological and pathological imaging, the
multimodal fusion network achieved an AUC-ROC of 0.96
(Table 3, Figure 2), outperforming individual modality-
specific models, which achieved AUCs of 0.87-0.91 (Table
2). These findings underscore the translational value of
multimodal learning, aligning with the integrative reasoning
employed by clinicians in practice, where diagnostic
conclusions are rarely made based on a single modality
[16,18].

4.1 Complementarity of modalities

Histopathology emerged as the strongest unimodal predictor
(AUC = 0.91), reflecting its cellular-level resolution and
ability to capture nuclear atypia and mitotic activity (Table 2).
Mammaography and ultrasound trailed slightly, consistent with
their greater vulnerability to artifacts and density-related
sensitivity reductions [4,6]. However, their inclusion in
multimodal fusion was not redundant: ablation studies (Table
6, Figure 7) revealed that removing mammography or
ultrasound reduced accuracy by up to 3—4 percentage points,
confirming their additive value. SHAP analysis quantified this
complementarity (Table 5, Figure 6), showing that
histopathology contributed the largest share of predictive
weight (42%), but mammography (33%) and ultrasound
(25%) provided essential contextual features that improved
robustness. This suggests that multimodality allows the model
to approximate the cognitive strategy of radiologists and
pathologists, where structural, textural, and morphological
features are synthesized into a cohesive interpretation [24,25].

4.2 Reliability and generalizability

Beyond accuracy, the multimodal system demonstrated
superior calibration and generalizability. Brier scores were
lowest in the fusion model (0.051, Table 3), and calibration
curves confirmed that predicted probabilities aligned closely
with observed risk (Figure 4). Well-calibrated predictions are
critical for clinical decision support, where thresholds for
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biopsy or follow-up hinge on probabilistic risk estimates.
External validation reinforced this robustness: while unimodal
models experienced significant AUC declines when tested on
independent cohorts (Table 4), the fusion framework
maintained an AUC of 0.93, underscoring its resilience to
dataset shifts and acquisition variability. Such generalizability
is essential for clinical deployment, given that imaging
characteristics vary across institutions, scanners, and patient
populations [27].

4.3 Explainability and clinical trust
Explainability analyses provided further validation of clinical
plausibility. Grad-CAM++ visualizations (Figure 5) showed
that the models consistently attended to clinically relevant
features, such as spiculated masses and clustered
calcifications in mammography, hypoechoic regions with
irregular margins in ultrasound, and nuclear pleomorphism
and mitotic figures in histopathology. These alignments
enhance clinician trust, addressing one of the main barriers to
Al adoption in healthcare [30,31]. SHAP analysis further
demonstrated that the fusion model was not dominated by a
single modality (Figure 6), instead dynamically weighting
modalities in a manner consistent with clinical reasoning.
Together, these explainability outputs ensure that the
framework operates as an interpretable assistant rather than an
opaque black box.

4.4 Innovation and contribution to

literature

Compared to prior unimodal breast imaging Al studies, which
report AUCs typically ranging from 0.80-0.90 [17,19,20], our
multimodal approach significantly advances performance
while also addressing limitations of dataset imbalance,
calibration, and external generalizability. Importantly, our
results extend beyond simple performance gains to highlight a
methodological advance: the application of cross-modal
attention fusion, which dynamically integrates modality
contributions rather than concatenating features in a static
fashion. This aligns with emerging evidence from multimodal
Al research suggesting that adaptive attention mechanisms are
critical for capturing cross-modal dependencies [26,37].

4.5 Clinical implications

Clinically, this multimodal system holds promise for
enhancing diagnostic decision-making. In settings where
histopathology is not immediately available, the model could
provide robust risk stratification from mammography and
ultrasound, with predictions later refined once biopsy slides
are integrated. This “progressive fusion” capability mirrors
real-world diagnostic pathways, where imaging precedes
tissue confirmation. Furthermore, well-calibrated multimodal
outputs could support risk-based triage systems, ensuring that
patients with the highest predicted malignancy risk receive
expedited diagnostic workups. In resource-limited settings,
Al-assisted triage could alleviate diagnostic bottlenecks by
prioritizing cases for expert review.

5. CONCLUSION

This study demonstrates that integrating mammography,
ultrasound, and histopathology within a multimodal deep
learning framework markedly enhances breast cancer
detection compared to unimodal models. The fusion approach
achieved superior accuracy, calibration, and external
generalizability, while explainability analyses confirmed
alignment with radiologically and pathologically relevant
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features. These findings highlight the clinical promise of
multimodal computer vision systems as reliable, interpretable,
and robust tools for diagnostic support. Future prospective
trials are warranted to assess their impact on clinical
workflows and patient outcomes.

6. FUTURE DIRECTIONS

Future work should extend this multimodal paradigm by
incorporating additional data sources such as MRI, molecular
biomarkers, or electronic health records, thereby situating
breast cancer diagnosis within a true precision medicine
framework. Integration with federated learning approaches
may further enable cross-institutional training while
preserving patient privacy. Finally, prospective clinical trials
are required to evaluate whether Al-assisted multimodal
frameworks improve patient outcomes, reduce time to
diagnosis, or lower unnecessary biopsy rates compared to
standard practice.
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Table 2. Diagnostic performance of single-modality models.

. i g .. |[F1- AUC- Cohen’s
Modality Model Accuracy|/Sensitivity||Specificity||Precision
score ([ROC K
Mammography||EfficientNet-B4 ||87.1% ||85.9% 88.2% 86.4% |186.1% ||0.89 0.74
Swin
Ultrasound 85.6% ||84.1% 87.0% 84.8% |84.4% ||0.87 0.72
Transformer
. MIL-
Histopathology . 89.3% ||88.0% 90.2% 88.7% ||88.3% {|0.91 0.78
AttentionNet
Table 3. Comparison of unimodal vs multimodal model performance.
Model Accuracy ||||Sensitivity |(|Specificity |Precision |Fl-score [[AUC-ROC ||Brier Score
Mammography 87.1% | 85.9% 88.2% 86.4% 86.1% 0.89 0.092
Ultrasound 85.6% Il84.1% 87.0% 84.8% 84.4% 0.87 0.098
Histopathology 89.3% |l88.0% 90.2% 88.7% 88.3% 0.91 0.087
Multimodal Fusion [|92.1% 92.1% 90.7% 91.2% 91.6% 0.96 0.051
Table 4. External validation performance.
Training Dataset Test Dataset Modality Accuracy |AUC-ROC |[Calibration Error
CBIS-DDSM INbreast Mammography 83.9% 0.86 0.112
BUSI BUD Ultrasound 82.4% 0.84 0.119
BreakHis Camelyonl6 Histopathology 87.0% 0.90 0.094
Fusion (All) Mixed Test Sets Multimodal 91.5% 0.93 0.058
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