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ABSTRACT
While most computer-aided diagnosis (CAD) systems for breast
cancer use image features largely from mammograms, structured
clinical information has an important complementary diagnostic
value and model reasoning remains largely unaddressed. The aim
of this study was to explore the possibility of combining mammog-
raphy with categorical clinical features to provide a more accu-
rate pathologist classification of breast lesions, and to determine
if explainable AI (XAI) can be used to make such models in-
terpretable for clinical use. We propose three strategies for mul-
timodal deep-learning fusion: feature concatenation, co-attention,
and cross-attention; the latter is a novel technique that has not
yet been explored in this context. We compare these three strate-
gies in a systematic manner, and integrate a ResNet-50 based
mammographic embedding with a one-hot-encoded clinical fea-
ture vector, taking into account different missing-modality scenar-
ios that are present in clinical practice, using modality dropout.
The interpretation of reasoning is done at the image level (Grad-
CAM) and the feature level (SHAP & LIME). The proposed cross-
attention fusion framework was evaluated based on the publicly
available CBIS-DDSM benchmark, and the results were com-
pared with the best unimodal baseline and simple fusion meth-
ods. The proposed fusion method outperforms the unimodal base-
line and simple fusion methods, achieving an AUC-ROC of 0.98,
accuracy of 0.96, F1-score of 0.94, precision of 0.92, and re-
call of 0.95, with the improvement confirmed by McNemar’s
test (p < 0.01) and stable bootstrap confidence intervals. The
three types of explanations (Grad-CAM, SHAP, and LIME) agreed
on clinically relevant areas of the images and clinically rele-
vant variables and the case-level analysis of the correct and in-
correct predictions demonstrated the value of the explanations
and limitations of the framework. The results suggest that cross-
attention-based multimodal fusion and multi-level explainability
can meaningfully benefit the accuracy and the clinical trustworthi-
ness of using AI assistance for breast cancer diagnosis, and pro-
vide a template for multimodal CAD systems that are interpretable

and applicable to real-world, missing-data clinical workflows.
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1. INTRODUCTION
Breast cancer is the most commonly diagnosed cancer and a major
cause of cancer death in women around the world. Global estimates
from recent years have revealed that in 2022, around 2.3 million
women were diagnosed with breast cancer, of which about 670,000
died, and that there will be a significant increase in these numbers
by 2050, particularly in countries with lower Human Development
Index ranking [17, 5]. Breast cancer presents in a variety of dif-
ferent clinical and radiologic patterns. The vast majority of cases
(estimated 85-90
In recent years, deep learning (DL) and machine learning (ML)
have been widely studied and developed in various fields across the
globe, such as travel and transportation [29, 30] and, most impor-
tantly for this study, healthcare [18]. These methods demonstrate
great potential in helping radiologists achieve more accurate diag-
noses, as well as minimize the variance in performance between
different observers [9]. Most of the previous research on breast
imaging analysis has been on the coarse problem of benign or
malignant detection of the lesion [28, 32]. Studies that occurred
more recently have shifted to more subtle classification, includ-
ing lesion morphology (mass versus calcification) and the estima-
tion of breast-density category based on BI-RADS [32, 23, 6]. In
fact, the images of lesions can be divided into five classes: be-
nign mass, malignant mass, benign calcification, malignant calcifi-
cation, and background because masses (three-dimensional space-
occupying lesions) and calcifications (deposits of calcium salts)
have distinctly different radiological features that can be diagnos-
tically informative, themselves. Breast density is also a highly val-
idated sub-problem in pathology assessment [16] with Matthews
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et al. [23] achieving promising results for this sub-problem using
a deep-learning density model that was validated across multiple
sites, and Chougrad et al. [6] jointly modelling lesion type, mass,
and pathology labels in a multi-label setting to make use of the
possible associations between the three.
Machine learning and deep learning techniques have been able
to achieve high accuracy in breast cancer detection and classifi-
cation, but their clinical application has been greatly hampered
by their opacity. These models are difficult to interrogate because
they are “black-box,” meaning they are not easy to understand,
and they make it more challenging for healthcare professionals to
trust the models for clinical decision-making, who need clear and
evidence-based justifications for their models [4, 33]. The opacity
is considered a physical hurdle to the broader use of AI in health
care, especially in high-stakes scenarios where patient outcomes
are at stake based on the diagnostic accuracy of AI. To address
this requirement, models whose behavior is explainable to the users
who depend on them have come into existence, known as explain-
able artificial intelligence (XAI) [7]. Very early on, the term XAI
was coined by work for the Defense Advanced Research Projects
Agency (DARPA) to create models that are highly accurate, under-
standable to human users, and therefore trusted and used appropri-
ately [34].
Explainable AI has since gained increasing popularity in the field
of breast cancer research with several recent systematic and scop-
ing reviews citing dozens of articles that have applied SHAP,
LIME, Grad-CAM, and related approaches to breast cancer detec-
tion, diagnosis, and risk prediction [11, 3]. This literature is, how-
ever, dominated by single-modality pipelines, where only imaging
modalities are used, and empirical results regarding the interaction
between fusion architecture and explanation quality in really mul-
timodal settings are scarce. The gap is relevant in practice: Recent
clinician-facing assessments suggest that the association between
the degree of explanation and clinicians’ trust and accuracy in diag-
nosis is not linear, and that adding explanations to a model automat-
ically leads to better-supported clinical decisions is not true [27].
This highlights the importance of co-designing and co-evaluating
explainability with the fusion architecture, not as an add-on fea-
ture.
As far as we know, most of the available approaches, such as
the few recent multimodal approaches for breast pathology clas-
sification [37, 15, 14, 21, 26], either use imaging data exclu-
sively or offer limited interpretation from a single modality. In this
study, we present an explainable multimodal model that is able to
boost pathology classification accuracy through a combination of
both mammographic and clinical information, and can offer inter-
pretability for the diagnostic reasoning on the basis of clinical fea-
ture labels included in the catalogue CBIS-DDSM [19] associated
with the mammograms. We also assess the proposed framework
together with co-attention or cross-attention to overcome the prob-
lem of missing clinical feature data, which is commonly found in
real-world clinical applications.
This paper makes the following contributions:

(1) Multimodal integration of imaging and clinical features: En-
hancing breast cancer pathology diagnosis by multimodal in-
tegration of imaging and clinical features. An embedding ex-
tracted from a pretrained deep learning model serves as the
imaging feature representation, while five clinically estab-
lished descriptors – breast density, mass shape, mass margin,
calcification type, and calcification distribution – are encoded
as a concatenated one-hot vector (with a zero vector substituted
for any feature that is absent for a given case).

(2) Clinical characteristics are sometimes incomplete or missing
in routine clinical practice, so we systematically evaluate the
simple concatenation, co-attention and cross-attention fusion
methods within the same architecture, with modality dropout
during training, thus allowing the fusion model to maintain
good performance under partial missing data and to be easily
applied in practice.

(3) To facilitate clinical decision making, we use the Grad-CAM,
SHAP, and LIME techniques to explain the model predictions
at the image and feature levels to gain interpretability and trust-
worthiness. Such methods offer a visual and feature-based ex-
planation that distinguishes the imaging regions and clinical
attributes that underpin each prediction and allow clinicians to
question and investigate the model’s reasoning, thus building
trust in its diagnostic recommendations.

2. STUDY METHODOLOGY
A multimodal fusion network framework has been developed.

2.1 Embedding of Mammogram

Let x
(m)
i ∈ RH×W×3 denote the pre-processed mammogram

for patient i, resized to 224 × 224 pixels. We use a ResNet-
50 pre-trained on ImageNet [13] and fine-tuned on the CBIS-
DDSM dataset, to extract discriminative mammographic features.
The ResNet-50 architecture is based on the concept of residual con-
nections, which enable the training of deep networks without sig-
nificant drop in accuracy due to the vanishing gradient problem.
The ResNet-50 global average pooling (GAP) layer produces a de-
dimensional embedding:

ei = ResNet50
(
x
(m)
i

)
, ei ∈ Rde , de = 2048. (1)

Instead we take a compact latent representation by projecting the
ei into a d-dimensional space with an affine transformation and a
nonlinear activation function:

ẽi = F
(
WT

e • ei + be
)
, We ∈ Rde×d, be ∈ Rd, (2)

In our default setting, d = 100 and where F (•) is the Rectified
Linear Unit (ReLU) activation. This small embedding helps to align
the modality dimensions for easy downstream fusion.

2.2 Clinical Embedding
Structured clinical features is a combination of one-hot vectors with
dimensions reflecting the granularity of their categories: breast den-
sity ∈ R4, mass shape ∈ R8. A feature without an associated vector
is represented by two zero vectors (e.g. mass lesions have no cal-
cification distribution or type) and the same treatment is applied to
calcification lesions. The five have a total of 36 dimensions in our
clinical embedding.
In our configuration, there are 36 clinical features and let c⃗i ∈ RDc

represent the clinical feature vector for patient i. We use a projec-
tion similar to the imaging one:

c̃i = F
(
WT

c • ci + bc
)
, Wc ∈ RDc×d, bc ∈ Rd. (3)

This guarantees that both modalities have the same latent dimen-
sionality allowing for symmetric fusion operations.

2.3 Multimodal Fusion
The network then carries out cross-modal integration using one of
multiple fusion mechanisms between the embedding of the pro-
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Fig. 1. The general framework of our proposed multimodal fusion model.

jected clinical embedding c̃i and the embedding of the projected
mammography embedding ẽi.
Baseline Concatenation (Intermediate Fusion)
The easiest way is to simply combine the two embeddings:

ki = Concat(ẽi, c̃i) ∈ R2d (4)

where ki is the last concatenated embedding. This intermediate fu-
sion in this work only combines the two projected embedding vec-
tors and other combination strategies could be tested to find if they
can further improve performance. The generated vector is propa-
gated through to dense layers for representation learning in a shared
way.

2.4 Multimodal Fusion
After obtaining the projected clinical embedding c̃i and projected
mammography embedding ẽi, the network carries out cross-modal
integration by one of multiple fusion mechanisms.
This is known as Baseline Concatenation (Intermediate Fusion).
The most straightforward is to join the two embeddings:

ki = Concat(ẽi, c̃i) ∈ R2d (5)

where ki is the last concatenated embedding. In this work this in-
termediate fusion only concatenates the two projected embedding
vectors, but other possible combination approaches could be inves-
tigated to see if they may further enhance performance. The end
result is sent through dense layers for representation learning in
combination.

2.5 Co-attention and Cross-attention Strategies
In clinical contexts, a mammogram seldom comes with a full set
of clinical attributes; and only a partial set of attributes is available,
which is often the case as well, so the system in use needs to be able

Fig. 2. Co-attention and cross-attention network design.

to handle missing value cases. Thus, both a cross-attention module
and a co-attention module are evaluated with our model.
We introduce the cross-attention or co-attention module to our pro-
posed architecture with the two dashed pathways in the figure being
removed. Co-attention and cross-attention are used here to enable
the model to learn the pertinent relationships between a mammo-
gram and its associated clinical features. In Fig. 2 we present our
proposed framework together with the co-attention/cross-attention
module.

2.5.1 Co-attention Approach. In [22], a symmetric attention
modeling framework named Co-attention was proposed in which
both modalities are attending to each other at the same time. It cre-
ates representations that are mutually informed, in which the new
features of each modality are based on the other. This is especially
useful in our context where some radiological patterns (e.g., micro-
calcifications) are only clinically relevant in certain features (e.g.,
breast density).
Let:

—Let E ∈ Rne×d be the list of image features (such as patches,
regions, etc.), with ne = number of image features and d = em-
bedding dimension.

—Suppose that the embeddings of clinical features are a sequence
of vectors C ∈ Rnc×d, with nc as the number of discrete clinical
tokens.
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—We have learnable projection matrices for queries, keys and val-
ues from the image modality W e

Q, W e
K , W e

V ∈ Rd×dk .

—W c
Q, W c

K , W c
V ∈ Rd×dk are the analogous matrices for the

clinical modality.

We first compute the bidirectional affinity scores between the
modalities:

Sec =
(EW e

Q)(CW c
K)T

√
dk

∈ Rne×nc , (6)

Sce =
(CW c

Q)(EW e
K)T

√
dk

∈ Rnc×ne , (7)

Here:

—Sec[i, j] measures how much the i-th image token attends to the
j-th clinical token.

—Sce[p, q] measures how much the p-th clinical token attends to
the q-th image token.

The attention weights are obtained by row-wise softmax normali-
sation:

αec = softmax (Sec) over clinical tokens, (8)

αce = softmax (Sce) over image tokens. (9)

Then we calculate features that are updated in the context:

E ′ = αec (CW c
V ) ∈ Rne×dk , (10)

C ′ = αce (EW e
V ) ∈ Rnc×dk . (11)

Finally, we push back to the original dimension d and add residual
connections and layer normalisation:

Ê = LN (E +E ′W e
O) , Ĉ = LN (C + C ′W c

O) , (12)

where W e
O, W

c
O ∈ Rdk×d are learnable output projections.

The co-attention mechanism further involves re-weighting every
image token using all clinical tokens, and every clinical token using
all image tokens. It is a symmetric interaction that is especially ap-
propriate for databases where both modalities have complementary
diagnostic information.

2.5.2 Cross-attention Approach. In related multimodal recogni-
tion tasks [1], the cross-attention is asymmetric, with one modal-
ity being used as the query and the other as the key/value in the
cross-attention. This enables provision of targeted conditioning, for
instance, enhancing the image features only for the most relevant
clinical features, without reciprocally changing the clinical repre-
sentations (or vice versa).
Suppose that clinical features are conditions for the image fea-
tures. We solve the queries with the image modality and obtain the
keys/values with the clinical modality:

QE = EW e
Q ∈ Rne×dk , (13)

KC = CW c
K ∈ Rnc×dk , (14)

VC = CW e
V ∈ Rnc×dk . (15)

The attention score matrix is:

SE←C =
QEK

T
C√

dk
∈ Rne×nc . (16)

We normalise across clinical tokens:

αE←C = softmax (SE←C) , (17)

and compute the updated image features:

E ′ = αE←CVC . (18)

The updated image embedding is:

Ê = LN (E +E ′W e
O) . (19)

Reverse conditioning (clinical on image) is realized by exchanging
the roles of E and C in the Equations (12)–(15).
Cross attention, on the other hand, is more unidirectional, and can
enforce a hierarchy such as conditioning the high dimensional im-
age space on a structured clinical prior, or enriching sparse clinical
vectors with spatially dense radiological cues. This is especially
helpful if one modality has more information or is more compre-
hensive than the other.

2.5.3 Missing Modalities. In order to deal with clinical data or
imaging data that is missing, we use modality dropout during train-
ing by randomly setting the embedding of one modality to zero
with probability p, and use random withholding of clinical data for
a fraction of the training samples to promote the redundancy of the
learned representation.

2.6 Explainability Integration
2.6.1 Grad-CAM for Imaging Modality. Grad-CAM gives class-
discriminative localisation maps, and identifies the areas of the
mammogram that are most important for making a prediction. It
works on the feature maps of a convolutional layer, and generates
importance weights through the gradients of the target class score
on top of these feature maps.
Let:

—yc denote the output score (pre-softmax) for class c (e.g., malig-
nant).

—Ak ∈ Ru×v be the activation map of the k-th channel in the
target convolutional layer.

—αc
k be the importance weight for channel k with respect to class

c.

The importance weights are calculated as:

αc
k =

1

Z

u∑
i=1

v∑
j=1

∂yc

∂Ak
ij

, (20)

where Z = u × v is the number of spatial locations in Ak. The
Grad-CAM heatmap Lc

GradCAM is then:

Lc
GradCAM = ReLU

(∑
k

αc
kA

k

)
, (21)

where ReLU will ensure that only features that are positively cor-
related with the class are visualised. The heatmap is upsampled to
the resolution of the input image and is overlaid on the input mam-
mogram to aid expert inspection.
For each mammogram, we used Grad-CAM in the last convolu-
tional block of ResNet-50. The resulting maps were then compared
to pathologically meaningful areas, such as mass edges, calcifica-
tion clusters and ensured that highlighted regions were clinically
relevant.

4



International Journal of Computer Applications (0975 - 8887)
Volume 187 - No.147, October 2026

2.6.2 SHAP for Clinical Feature Attribution. SHAP gives an in-
put feature its Shapley value from cooperative game theory, which
is the average contribution of the feature to the prediction for all
possible coalitions of input features.
Let:

—f(x) denote the model output (logit or probability) for input vec-
tor x.

—M be the number of input features.

—S ⊆ {1, · · · , M} \{i} be a subset of features excluding feature
i.

—fS∪{i} denote the model outputs when using only features in S∪
{i} or S, respectively.

The Shapley value for feature i is:

ϕi =
∑

S⊆{1,··· , M}\{i}

|S|! (M − |S| − 1)!

M !

[
fS∪{i}

(
xS∪{i}

)
− fS (xS)

]
,

(22)
where:

—ϕi > 0 indicates that feature i increases the likelihood of the
predicted class.

—ϕi < 0 indicates a negative contribution.

We then used KernelSHAP to rank the clinical variables (e.g.,
breast density, calcification type) at the feature level for each in-
dividual prediction by applying it to the clinical embedding c̃i. The
importance of the features was computed globally, by summing up
the absolute values of the features across the data set, so important
clinical features across the data set could be identified.

2.6.3 LIME for Local Surrogate Modelling. LIME locally trains
a simple and interpretable surrogate model (e.g., sparse linear re-
gression) to explain individual predictions.
Given:

—An instance x ∈ RM .

—A black-box model f(·) producing a scalar output f(x) for the
class of interest.

—A perturbed sample z′ drawn from a neighbourhood of x, with
corresponding original-space mapping z.

LIME minimises:

ξ(x) = argmin
g∈G
L (f, g, πx) + Ω(g), (23)

where:

—g ∈ G is the set of interpretable models (e.g., linear models).

—L measures the fidelity of g to f in the locality defined by πx.

—πx(z) is a locality kernel (e.g., exponential kernel over Euclidean
distance).

—Ω(g) is a complexity penalty ensuring interpretability.

To the clinical branch and to the fused multimodal representa-
tion, we used LIME separately. To simulate clinical data, random-
bit masking was performed on features; for imaging data, super-
pixel segmentation and perturbations were used. The coefficients
of the surrogate model gave an intuitive linear approximation of
the black-box decision boundary in the local neighbourhood of x.

2.7 Implementation Details
The training was conducted in TensorFlow and Keras with the
Adam optimiser (η = 10−4), a batch size of 32 and early
stopping/learning-rate decay on the validation loss. Pre-trained
with weights from ImageNet, backbone CNNs were frozen for 10
epochs and unfrozen to fine-tune. Images were augmented by flip-
ping and rotating by ±30◦ while dropout regularisation (0.5) was
added to the dense layers.

3. EXPERIMENTAL RESULTS
3.1 Dataset Used
Our experiments used the CBIS-DDSM dataset that contains 1,592
mass mammograms and 1,511 calcification mammograms. The of-
ficial training/test split for mass cases is 1,231/361 and for calci-
fication cases it is 1,227/284. We also divided the official train-
ing set into 80th as a training set and 20th as a validation set. The
dataset contains very few multi-label lesions, so clinical character-
istics of single label lesions are considered only. The mammogra-
phy lesion was only cropped by the bounding box derived from the
mask ground truth, without any further pre-processing.

3.2 Hyperparameter Settings
A systematic hyperparameter tuning process was performed to
ensure the robustness of generalisation and convergence stability
of the proposed multimodal fusion framework. Experiments were
performed on TensorFlow/Keras and using an NVIDIA GPU. A
coarse-to-fine grid search with learning rate α in the range α ∈
[1 × 10−5, 5 × 10−4] was performed to select the initial learn-
ing rate, which was eventually set at 1 × 10−4. When the valida-
tion loss plateaued for over 10 epochs, a learning-rate scheduler
decreased the rate by 0.1. The batch size was chosen as 32, deter-
mined through experimentation with {16, 32, 64}, to strike a bal-
ance between gradient stability and memory usage on the GPUs.
Weight initialisation was done as per He-normal initialisation for
ReLU activated layers. To prevent overfitting, a dropout rate of 0.5
was used with fully connected layers and L2 weight regularisa-
tion was used with a coefficient of 1 × 10−4. Training was run up
to a maximum of 100 epochs, after which early stopping was ap-
plied if no improvement in the validation loss was observed for
15 epochs. To enhance image data augmentation, horizontal flip-
ping, rotation between−30◦ and +30◦, and random cropping were
used to make the images more orientation and position invariant.
Probability 0.3 of modality dropout was used to deal with the miss-
ing clinical variables by randomly dropping one modality during
training to increase robustness. Both the mammogram embedding
and clinical embedding were projected onto a fixed dimension of
d = 100, validated by the performance on the validation set. To
fairly compare all the evaluated variants, the same hyperparame-
ters have been tuned for all the variants, which are: concatenation,
co-attention, and cross-attention.

3.3 Multimodal Classification
3.3.1 Uni-modal vs. Multi-modal Performance. Table 1 com-
pares the proposed multimodal fusion system with unimodal sys-
tems. The inclusion of clinical data and image data based on a
cross-attention fusion strategy significantly improved classification
performance in terms of all indicators. Specifically, the proposed
model obtained an AUC-ROC value of 0.980, an F1 score of 0.940,
an accuracy of 0.960, a precision of 0.920, and a recall of 0.950.
The unimodal model performed with the lowest accuracy (0.830)
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Fig. 3. ROC-AUC curve of the proposed cross-attention fusion model.

and precision (0.840), however. There is a significant improve-
ment in discriminative power, from AUC-ROC 0.870 (unimodal)
to 0.980 (multimodal). The ROC curve of the proposed model is
close to the upper left corner as shown in Fig. 3, which demon-
strates that the proposed model has high true positive rate and low
false positive rate. Likewise, the precision–recall plot also shows
better detection of malignant cases at the same time maintaining
the specificity. Complementary nature of multimodal data was val-
idated by a number of borderline cases that were correctly classified
when clinical features were added to the classification, even though
they were misclassified using unimodal imaging data. The cross-
attention module consistently outperformed the simple concatena-
tion, which was consistent with its being effective in capturing the
fine-grained inter-modal dependency.

3.3.2 Ablation Studies. Table 2 shows the results of alternative
fusion strategies on the classification performance. The AUC-ROC
of the integration of imaging and clinical data was 0.870, and the
AUC-ROC of the integration of imaging and clinical data weighted
by the individual features was 0.830. Further improvements were
achieved with attention-based fusion, which achieved an AUC-
ROC score of 0.890 and F1 score of 0.840. By modeling and align-
ing feature representations from imaging and clinical modalities in
a bi-directional attention, Co-attention fusion achieved an AUC-
ROC of 0.910, which demonstrated the advantage of explicit mod-
eling of inter-modality dependency and complemented information
sharing between feature spaces. The proposed cross-attention fu-
sion method achieved best performance in all metrics with AUC-
ROC as 0.980, F1 score as 0.940, accuracy as 0.960, precision
as 0.920 and recall as 0.950. The gains over unimodal and sim-
pler fusion baselines were statistically significant with McNemar’s
test p < 0.01 indicating that this improvement is not likely due
to chance fluctuation. Additionally, the performance improvements
are both stable and repeatable on unseen data, as demonstrated by
bootstrap-derived 95% confidence intervals (AUC: [0.929, 0.954];
F1: [0.881, 0.909]). In conclusion, the results suggest that attention-
based multimodal fusion approaches can achieve better diagnostic
accuracy while being robust to various evaluation situations.

3.3.3 Comparative Study. We also compared the proposed mul-
timodal learning framework with various state-of-the-art mod-
els used for breast cancer diagnosis from the literature between
2023 and 2025, based on their input modalities, fusion strategies,

Fig. 4. Confusion matrix: true positives, true negatives, false positives, and
false negatives predicted by the proposed multimodal classifier.

datasets, and support for explainable AI. The representative models
were DeepClinMed-PGM [37], CVFBJTL-BCD [15] and MMFF-
Net [21]. Despite having slightly better peak metrics (respectively
an accuracy of 0.991 and an AUC-ROC of 0.994), they are not
as interpretable as other models, or they have a more restricted
scope of modality (CVFBJTL-BCD has no built-in explainability
mechanism, while MMFF-Net can only provide qualitative visu-
alisation of its heatmap, and as such, can provide only partial in-
sight into the rationale behind the decision). In contrast, our cross-
attention based fusion framework achieved a well-balanced perfor-
mance profile (accuracy: 0.960, AUC-ROC: 0.980, F1-score: 0.940,
precision: 0.920), and integrated powerful explainability at multi-
ple levels including Grad-CAM, SHAP, and LIME. The proposed
combination brings together global visualisation of salient regions
and local, feature-level attribution, which is still relatively less ex-
plored in the literature of multimodal breast-cancer diagnosis so far
[11, 3] in alignment with clinical requirements of transparency and
trustworthiness.

3.4 Explainability Integration
To demonstrate the regions that are most important in the model’s
decision-making process, we used Grad-CAM to create saliency
heatmaps for the mammography inputs (Fig. 5). In malignant cases,
Grad-CAM identified high-intensity regions focused around spicu-
lated and irregular masses, which is known to be an indicator of
malignancy from the radiology perspective. Benign cases, on the
other hand, had lower levels of activation in well circumscribed ar-
eas. The results thus support the clinical relevance of the model’s
focus, not the irrelevant background structures.
We then used SHAP analysis to quantify the contribution of each
clinical and imaging feature on the final predictions, providing a
global interpretable perspective (Fig. 6). Positive SHAP values in-
dicated that the features were driving the result towards malig-
nancy, and negative values indicated the features were driving the
result towards benign classification. The mass shape and breast
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Table 1. Performance comparison of baseline methodologies and the proposed multimodal approach for breast cancer diagnosis across
evaluation metrics.

Method AUC-ROC F1-Score Accuracy Precision Recall

Comparative analysis of CNN architectures [24] 0.82 0.75 0.76 0.77 0.74
Adversarially robust feature learning (ARFL) [12] 0.85 0.78 0.79 0.80 0.76
MAMA-MIA dataset benchmark [10] 0.83 0.73 0.74 0.75 0.72
Integrated CNN and explainable AI framework [2] 0.84 0.80 0.81 0.82 0.79
Transfer learning models [8] 0.87 0.82 0.83 0.84 0.80

Our Framework 0.98 0.94 0.96 0.92 0.95
Comparator figures are as reported in the cited studies; datasets and task definitions vary across rows (see Section 4.4).

Table 2. Ablation study showing the impact of different single-modal and integrated configurations on breast cancer diagnosis performance.

Method AUC-ROC F1-Score Accuracy Precision Recall

Integrated but unweighted approach 0.87 0.77 0.79 0.75 0.79
Feature-specific modality integration 0.83 0.79 0.82 0.85 0.81
Simple concatenation strategy 0.81 0.74 0.75 0.76 0.72
Co-attention fusion strategy 0.91 0.87 0.88 0.89 0.86

Our Framework (Cross-attention) 0.98 0.94 0.96 0.92 0.95

Fig. 5. Grad-CAM visualisation of malignant and benign cases.

Fig. 6. Impact of SHAP-based clinical features on model prediction.

density always had strong positive effects, while mass margin and
calcification type and distribution had negative effects often.
Lastly, localised and case-specific explanations were generated us-
ing LIME, by modifying the input images and monitoring the
changes in prediction probabilities (Fig. 7). The dense and irregular
edge structures were highlighted in malignant cases, which were

Fig. 7. LIME visualisations for both cases.

found to be closely overlapping with the LIME saliency regions,
while smooth and low-density contours were revealed in benign
cases, consistent with non-malignant observations. This synergy
between LIME and Grad-CAM has been shown to be consistent
with each other in the model decision making process, as well as
to offer interpretable evidence at a case-level to clinicians. This is
consistent with recent evidence that the value of an explanation to
a clinician depends on the particular technique used and its level of
detail, and not on the fact that there is an explanation [27].

3.5 Case Studies: Correct vs. Incorrect Predictions
Case level analyses were conducted to gain a deeper insight into the
capabilities and the limitations of the proposed multimodal breast
cancer detection model. We explored both correct and incorrect
predictions in order to assess interpretability by applying XAI tech-
niques and to identify sources of error.

3.5.1 Case 1 – Correctly Classified Malignant Sample. In this
instance, the model was able to accurately predict malignancy, in
line with the ground truth. In the case of Fig. 8, the activation by
Grad-CAM was concentrated on a high density region of the mass
with an irregular shape, a typical radiological sign of malignancy.
The level of agreement between the XAI output and the clinical
markers indicates the validity of the model’s decision, as well as its
clinical relevance.

3.5.2 Case 2 – Incorrectly Classified Malignant Sample (False
Negative). In this case a malignant case was mistakenly identified
as benign, or a false negative. Grad-CAM directed the attention
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Table 3. Summary of multimodal breast cancer diagnosis models with modalities, fusion strategy, performance, and explainability.

Study/Model Datasets Modalities Feature Fusion Acc AUC-ROC F1 Prec Interpretability

DeepClinMed-
PGM [37]

TCGA,
SYSMH

Pathology imag-
ing + genomic +
clinical

Hierarchical
fusion

- 0.9791 - - Grad-CAM

CVFBJTL-BCD
[15]

Histopathology
+ Ultrasound

Histopathology +
Ultrasound

Late fusion +
joint transfer
learning

0.991 - 0.985 0.983 None

MFDNN [31] TCIA + TCGA Clinical + Ge-
nomic + Imaging

Intermediate fu-
sion

0.925 0.94 0.862 0.874 None

MMFF [14] In-house Imaging + Tex-
tual

Late fusion 0.969 0.915 0.922 0.957 None

LightweightUNet
[26]

INbreast,
DDSM,
BrEaST

Mammography +
Ultrasound

Late fusion 0.964 - 0.96 0.97 None

MMFF-Net [21] CBIS-DDSM,
Ultrasound

Mammogram
+ Ultrasound +
Clinical

Transformer
fusion

0.983 0.994 0.971 - Heatmap

Vo et al. [36] CBIS-DDSM Mammography +
Clinical

Cross-attention
fusion

- 0.945 - 0.82 None

Our Proposed Mul-
timodal Framework

CBIS-DDSM Mammography +
Clinical

Cross-attention
fusion

0.960 0.980 0.940 0.92 Grad-CAM, SHAP,
LIME

1DeepClinMed-PGM’s AUC-ROC corresponds to a 1-year disease-free-survival prediction task rather than binary pathology classification. Comparator studies differ in target task
(diagnosis, survival, or risk prediction), dataset composition, and validation protocol; figures are as reported by the original authors and should be read as indicative rather than
strictly commensurable.

Fig. 8. Grad-CAM display for a correctly classified positive case.

Fig. 9. Grad-CAM display for a false-negative case.

of the model towards a dense area containing characteristic malig-
nant characteristics—indistinct margins and architectural distortion
(Fig. 9). It implies that this model can focus on diagnostically crit-
ical areas, but is still susceptible to misinterpreting non-diagnostic
image features, which is, again, made visible instead of hidden by
the explainability layer.
The case studies reveal that the model’s predictions are often well
aligned with clinical reasoning, with the explanations generated by
the model explaining the reasoning, and that errors can be identified
as specific misinterpretations, pointing to specific areas for further
model improvement.

4. CONCLUSION
This paper proposes a multimodal deep learning framework that
combines the features from the two modalities and performs con-
catenation, co-attention, and cross-attention fusion. From our re-
sults, it can be seen that this method yields significant improve-
ment in breast cancer classification performance when compared to
unimodal and simpler-fusion baselines in all the important metrics
such as AUC-ROC and diagnostic precision. Comprehensive ab-
lation studies were carried out evaluating the contribution of each
modality and fusion strategy, in order to confirm the advantages
of adaptive cross-modal integration in addition to standard eval-
uations. To build clinical trust and transparency, we added Grad-
CAM, SHAP, and LIME, and tested the effectiveness of these tools
in detail via case studies of correct and incorrect predictions.

4.1 Limitations
The results presented here should be interpreted with some cau-
tion. First, the reported results are based on a single curated pub-
lic benchmark, CBIS-DDSM; performance on this benchmark does
not necessarily translate to un-curated, multi-vendor clinical mam-
mography populations and prospective multicentre validation – in
the spirit of recent large-scale multicentre benchmarking efforts
[10] – will be required before clinical deployment can be consid-
ered. Second, the current clinical feature set is restricted to five
categorical, BI-RADS-based, clinical descriptors, and more elab-
orate structured clinical information (e.g., patient age, family his-
tory, hormone-receptor status) may further enhance the ability to
achieve fusion. Third, while the qualitative explanations generated
by SHAP, LIME, and Grad-CAM were coherent in the cases anal-
ysed, we did not run a formal user study with a clinician to measure
the impact of the explanations on the level of trust and/or decision
time; existing studies indicate that the impact on trust and/or deci-
sion time depends on the explanation and technique and can there-
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fore not be taken for granted [27]. Last but not least, KernelSHAP
and superpixel-based LIME are both computationally heavy, and,
without further optimisation, might be limited for real-time clinical
use.

4.2 Recommendations for Future Research
Going forward, we suggest future research into (i) testing the pro-
posed cross-attention framework on independent and large-scale
multi-institutional mammography cohorts to assess the external va-
lidity of the framework; (ii) adding a wider variety of structured
clinical and, if available, genomic covariates to the fusion archi-
tecture; (iii) formal reader studies with practicing radiologists to
quantify the effects of Grad-CAM, SHAP and LIME explanations
on the diagnostic accuracy, trust and workflow of radiologists; and
(iv) exploring the use of automated extraction of clinical descriptors
directly from imaging data, as well as reinforcement-learning and
continual-learning paradigms, to minimize the reliance on manu-
ally curated clinical annotations and to help the model adapt to
changes in patient populations and imaging protocols over time.
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