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ABSTRACT

Medical image processing to identify breast cancer is particularly challenging since the imprecision can be a result
of a number of varying factors such as the specific modality, the deep learning model, or low interpretability of
the model, which can be problematic for real-world consequence setups. Mammography and ultrasound imaging
are the primary methods and most frequently utilized imaging tools for breast cancer screening. The most difficult
problem in using both technologies is drawing the right conclusions. In this paper, we introduce MM ViT-Net, a
multi-modality vision transformer ensemble for breast cancer imaging and a metaheuristic vision transformer.
MM ViT-Net uses both mammography and ultrasound images for breast cancer screening. Ensembling the distance
variations a dual modality adaptive preprocessing and attention U-Net lesion segmentation will be able to localize
the tumor regions and suppress the irrelevant background regions. Each hybrid modality of the encoders, egg, and
vision of the transformers are coupled to capture finer and more granular attributes while elongated global
contextual encoders portray the vastness of the context and the encoders. Robust cross-attention modality-aware
feature fusion is proposed to improve the internal cooperation of the various modalities. The model
hyperparameters are automatically adjusted by a fusion of the Grey Wolf Optimizer and Harris Hawks
Optimization. This McDo analysis algorithm is utilized to optimize the trade-off between reducing false positives
and increasing the positive diagnostical certainties. Results from the analyses performed on the ultrasound
database, BUSI, and the mammography database, CBIS DDSM, show imposing evidence of strong performance,
cross-dataset generalization, and demonstrable improvements in construction to many existing CNN and CNN-
Transformer methods. MMViT-Net is positioned as a solid and clinically viable model for Al-assisted screening
and diagnosis of breast cancer. This is due to the assurance of model interpretability and the support of transparent
decision-making by the highlighting of clinically relevant lesion areas through Grad-CAM visual explanations.

1. INTRODUCTION

Every year breast cancer is the most common cancer diagnosed in women globally and contributes to a large
number of cancer deaths [1]. Detecting the cancer in its earlier stages is the most effective way to treat and improve
the five-year survival [2]. Clinically, the cancer is diagnosed using a combination of different modalities, which
includes, but is not limited to, Mammography, Ultrasound, and Histopathology. Each of these offers different
insights and adds to the understanding of the tissue [3]. Imaging can however be subjected to errors because the
reviews of the modalities are all manual, and can be error prone and lead to unnecessary biopsies due to the fatigue
of the reviewer causing them to miss things [4]. Computer-Aided Diagnosis (CAD) systems attempt to solve this
problem; however, many deep learning models are not successful because of the complexity of breast lesions and
the different resolutions of the various imaging modalities [5, 6].

Automated systems have had a persistent problem in balancing local detail with global context [7]. While
Convolutional Neural Networks (CNNs) are great at detail-oriented analysis, they have a limited receptive field,
a trait that does not apply for Vision Transformers (ViTs) because they handle long-range dependencies, although
they do require a significant amount of data to converge [8, 9]. Black box Al models retain opacity, widening the
trust gap between this technology and its use in practice [10]. This effective diagnosis can be achieved through
frameworks that are not only diagnostically accurate but also have plausible rationale for their conclusions [11].
This paper proposes a hybrid CNN-Vision Transformer model that makes use of metaheuristic techniques to
present accurate and explainable breast cancer tissue detection on 2 heterogeneous datasets, BUSI and CBIS-
DDSM. We propose a framework that incorporates EfficientNet-V2 to capture localized features while utilizing
the global context via lateral looking ViT-B/16 interwoven through cross-attention. In addition, Grey Wolf
Optimizer and Harris Hawks Optimization dual metaheuristic is developed to further improve the performance of
the model. A full preprocessing pipeline was also included within the model to establish its clinical reliability in
addition, explainable Al (XAI) tools such as Grad-CAM, SHAP and LIME were used to provide transparency into
mechanisms underlying the model’s predictions.
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2. LITERATURE SURVEY

Recent works have developed end-to-end deep learning frameworks for diagnostic breast cancer [12] that lack
emphasis on classical manual engineering feature processes. The earlier computational methods were mainly
based on feature extraction shape analysis and descriptive outlining [42, 43]. The field was changed by the
development of Convolutional Neural Networks (CNNs): high level models that can automatically learn spatial
hierarchical features [13, 41]. For specific applications [14, 15], existing architectures such as ResNet, VGG and
Inception have been repurposed for histopathological image classification or mammogram mass detection (CBIS-
DDSM). Although Standard CNNs have achieved incredible success, they are also criticized for their localized
receptive fields which overlook important structural contexts of the lesion. When assessing the pathology of a
mass, especially in complex ultrasound backgrounds like the BUSI dataset [16, 17], an anatomical scaffold is
critical in describing whether the specific mass is growing towards benign or malignant aspects. While the
limitations of ViTs (vision transformers) [14, 16] in earlier works are partially relieved through self-attention and
measuring long-range dependencies on image patches [18]. This contrasts with CNNs (and most other neural
network architectures) which pass images through local kernels and sequence input as sequences of tokens,
allowing them to reason about the whole image and all its global features [19]. More recent studies suggest that
ViTs’ global abstraction is absent of CNNs edge and texture sensitivity (low-level biases) on which much imaging
work depends [20]. This is very likely a contributing factor to the increased use of hybrid architectures that utilize
a CNN backbone (e.g., EfficientNet-V2) to first magnify high resolution local features present in a dataset and
later give them to be globally fused by, for example, Transformer [21, 22]. This hybrid approach empowers the
models to maintain essential micro-features of histopathology images and significant geometric structures of
mammograms [23]. The three recurring issues about medical Al are data scarcity and quality. Data quality issues,
such as noise and class imbalance, are found in these public datasets (e.g., BreakHis,BUSI). Advanced
preprocessing techniques such as Non-Local Means Filtering and Adaptive Median Denoising preserve edge while
denoising artifacts. Furthermore, methods such as Contrast Limited Adaptive Histogram Equalization (CLAHE)
and Gamma Correction can alleviate the visibility of micro-calcifications in mammography. We use Attention U-
Net, which is a state-of-the-art segmentation tool and helps to localize the tumor by reducing any irrelevant
background noise.

To resolve the challenges caused by class imbalance (benign samples outnumber malignant), creators generated
synthetic data. Oversampling followed by smote gan, a type of neural network has been used to obtain realistic
pathology samples some datasets, and data augmentation methods such as RandAugment, MixUp and CutMix
improve generalization during training; they work preventing the models from memorizing the training dataset.
The high-dimensional hybrid models we described require a great deal of effort to produce. In hyperparameter
search, such as learning rates and dropout ratios, conventional gradient-based methods get stuck in local optima
[32]. In this regard, metaheuristic techniques based on natural phenomena provide a strong alternative for global
search [33]. Several variants of metaheuristic algorithms are present in the published literature; among these, two
that have been dubbed best performing methods for AUC maximization of deep learning hyperparameter tuning
are known as Grey Wolf Optimizer (GWO), adapted from the social hierarchy behavior of wolf packs, and Harris
Hawks Optimizer (HHO), which simulates hawk's collaborative “surprise pounce” hunting tactic [34, 35].

To gain clinical acceptance of Al there needs to be some level of explainability to the users. Al models are now
required to have some form of explainable Al (XAI) framework integrated to justify their outcomes [36]. Of the
many XAI options available, Grad-CAM, SHAP, and LIME are some of the most frequently used. Grad-CAM
produces a saliency (or heat) map to show which areas of the image were most important for the classification,
while SHAP and LIME capture the contribution of individual features to the overall prediction or diagnosis [37,
38]. These techniques help to eliminate the potential distrust instances where models could be using a form of
“cheat” to classify based on image artifacts rather than real pathology by helping the radiologist position
themselves to confirm the model is identifying pathology [39, 40].

3. PROBLEM STATEMENT

A multi-modal breast imaging dataset is given as D = {(x/", x%,y)}L,, with x® € RF*WXCand x}* €
RH*W*Cheing mammography and ultrasound images respectively, and y; € {0,1} indicating benign or malignant
labels. The goal is to learn an interpretable and robust functionfg: (x™, x*) — [0,1] predictions on the probability
of a given input being malignant. The current models based on CNN and ViT architectures demonstrate a lack of
generalization across various modalities, as well as overfitting to the selection of hyperparameters and a reduction
of the sensitivity of interpretability, especially with the class imbalance | Dyenign 1> Dmatignant |- The manual
selection of hyperparameters is computationally expensive and even less than optimally designed. Thus, the
problem is described as the joint learning of a hybrid feature representation, the cross-attention fusion coupled
with the metaheuristic search for optimal hyperparameter, and the transparent decision explanation as:

0" = arg max (AUC(fo(D)) — A FPrare (fo (D)),

for the stated robustness along with the interpretability constraints, where A is sensitivity and clinical safety.
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Fig. 1. MMVIT-Net Model Diagram

4. METHODOLOGY

The proposed framework combines sophisticated preprocessing, tumor segmentation, hybrid deep feature
extraction, cross-attention fusion, and metaheuristic hyperparameter optimization for explainable and robust
breast cancer detection from multisource medical images. The overall pipeline as in figure consists of: (i)
modality-adaptive preprocessing and enhancement, (ii) lesion segmentation using Attention U-Net, (iii) hybrid
CNN-Vision Transformer (ViT) feature extraction, (iv) cross-attention-based multimodal fusion, and (v)
hyperparameter optimized classification and explainability generation. Each component is described in detail
below.

4.1 Preprocessing and Image Enhancement

Breast cancer images from various modalities, such as mammography (CBIS-DDSM) and ultrasound (BUSI),
have notable discrepancies with regards to noise patterns, contrast, and illumination. So a unified preprocessing
pipeline is performed to enhance modality invariant feature learning and stabilize the downstream hybrid CNN-
Transformer model. The various building blocks of this pipeline were noise removal, contrast equalization,
illumination pattern correction, and final intensity rescaling.

4.1.1 Noise Reduction

Place two sequential filters. First, Non-Local Means (NLM) targets Gaussian noise and preserves small lesion
details. The intensity of a denoised pixel is determined as:

Il P(x)—P 13
(- (%) = 6] Z)I(y),

yEQ
whereP (x)is the local patch at pixel xand h is a variable that controls the degree of smoothing. After that, Adaptive
Median Filtering helps with denoising impulse noise, which is a frequent issue with ultrasound images. For each
window:
A1 = Zied = Zmins A2 = Zmed ~ Zmaxs
If A; > Oand A4, < 0, the median is valid; otherwise, the window expands until a clean estimate is acquired.
4.1.2 Contrast Enhancement
Local contrast enhancement and spotlighting of subtle tumor margins are achieved with the application of CLAHE
to the luminance channel constrained by:
I} = CLAHE(I,),
Which enhances contrast within small tiles while keeping noise from amplifying. This benefit is especially
important for mammograms that have low contrast.
4.1.3 Gamma Correction
[lumination inconsistencies are corrected using gamma adjustment:
L(x) =1(x)"",y = 1.2.
This approach brightens mid-level intensities and enhances lesion visibility across all modalities.

4.1.4 Normalization and Resizing
All preprocessed images are resized to 224 X 224pixels and standardized using:
I, —u
_y

Inorm - o ’

wherepand gare the mean and standard deviation for the dataset. This preprocessing approach produces images
that are more illumination-normals, cleaner, and with a better contrast which also enhances the segmentation
capability and the representation quality for the following CNN-VIiT feature extraction.

4.2 Tumor Segmentation Using Attention U-Net

Accurate localization of lesion regions enhances background noise in the downstream classification and steers the
classifier’s focus to areas of interest that are diagnostically significant. To obtain flexible segmentation across
multiple modalities, a segmentation method based on Attention U-Net is used. This method is an improvement
over the classical U-Net, as it uses attention gates to increase focus on certain regions and omit other areas, such
as fatty tissue, ducts, and imaging artefacts.
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U-Net Attention employs the typical encoder—decoder structure. In this case, the input to the model is the image
I. The encoder extracts feature representations at multiple resolutions, such as Ej, E,, ..., E,, The decoder
reconstructs a segmentation map through a series of up sampling steps. Attention gates, as presented, add a
differentiated value to the skip connections by assessing the value of each spatial location as a function of some
pre-determined importance

a=o(Wyg + Wex + b),
Where, x is representative of the feature map of the encoder, g describes the gating signal from the decoder, W, are
the parameters of the linear mappings, and o is representative of a sigmoid activation function.
As such, the gated skip feature can then be expressed as: ¥ = a © x,
This allows relevant segments of the tumor to be passed on to the later stages of decoding. The Attention U-Net
generates a probability mask M which is given asM = o (f, (I)), where fyrepresents the Attention U-Net, and ¢
is the sigmoid output function. The model is trained using a hybrid loss that has a combination of the region
overlap and pixel-wise accuracy, which is given by the equation:

25 (M - M)
SM+3YM+¢
Where M is the ground truth of the mask, BCE is the binary cross entropy, and € is a small constant that prevents
the denominator from being zero. The segmentation step produces masks that focus on the lesion. These masks
are used to crop tumors and to suppress areas with irrelevant tissues. The refined inputs improve the classification
and accuracy and also enhance the strong explanation features to the model by focusing on clinically relevant
areas.

Lseg=(1— ) + BCE(M, M),

4.3 Hybrid Feature Extraction (EfficientNet-V2 + ViT-B/16)

Imaging of breast cancer requires fine-grained local details, such as the morphology of the cells,
microcalcifications, edges of lesions, and gross contextual clues like tissue structure, mass distribution, and
architectural distortion. To address this, the proposed framework uses two prominent feature extractors,
EfficientNet-V2, and ViT-B/16. EfficientNet-V2 is a convolutional neural network, and ViT-B/16 is a self-
attention-based architecture.

4.3.1 Local Feature Extraction with EfficientNet-V2
EfficientNet-V2 uses the progressive scaling method, and fused MBConv layers capture comprehensive
hierarchical patterns. For a given image I'that has gone through preprocessing and segmentation, the CNN encoder
creates a representation of depth.

Fenn = Eonn(l),
whereFoyn € R, which captures the fine textures and the critical components of the structure that are essential
to the recognition of the borders of the lesions, variations in the nuclei, and irregularities in the tissue. A global
average pool compacts the feature maps and retains important semantics. EfficientNet-V2 has been pre-trained on
an ImageNet dataset and then fine-tuned on the breast imaging dataset to enhance cross-modality transfer learning.
4.3.2 Global Feature Extraction with Vision Transformer (ViT-B/16)

The input image is divided into 16 x 16 patches. Each patch is flattened and transformed into a latent embedding.
In this way, long-range dependencies and contextual structures, which are often missed by CNNs, can be learned.
Zy = [, Wi o Wgs . Xy W]+ Epos,

Where, x;refers to the i-th image patch, Wgis a learned linear projection, and E,.encodes the positional

information. The Transform encoder modifies these tokens through the mechanism of multi-head self-attention.
KT
v,
dy
This mechanism captures global interaction with patches, irrespective of spatial distance from one another. The
image context is represented by the final classification (CLS) token which is described as:

Attention(Q, K, V) = softmax(

L
Fur = 231
wherezg“L)Sis the CLS token post the final Transformer layer. This allows the network to produce a multi-scale
feature representation by encoding both types of features from an identical preprocessed input, which aids in

improving classification resilience across imaging modalities.

4.4 Cross-Attention Fusion Mechanism
While EfficientNet-V2 and ViT-B/16 both provide powerful local features and rich global representations, such
complementary features are best used by combining them into a single representation. To do so, we employ a
cross-attention fusion module that allows the model to choose and combine local descriptors from CNNs with
global context from transformers. This process allows the representation focus on meaningful places in that image
without losing the overall structure.
Let Fony € R% represent the local feature vector derived from EfficientNet-V2 and Fy;r € R%represent the
global feature vector from the ViT encoder. Prior to fusion, both vectors are projected onto a common latent
dimension, denoted asd;:

Q= VVqFCNNrK = WiFyir, V. = W, Fyr,
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whereW,, Wy, W, € R% >4 are learnable linear transformations.

:
The cross-attention output is computed as: Fop = softmax(%)V,
f

o

where the CNN features (queries) can selectively attend to the relevant transformer features (keys and values).
This construction ensures that the local characteristics of the lesion are augmented by the global context provided
by the ViT. To balance the contribution of each branch, a learnable fusion coefficient, denoted as o €[0,1], is
applied such that the final fused representation is given by:
Fiusion = aFonn + (1 — @) Fea.

The model homes in on specific local patterns during training when a is near 1, but local patterns are deprioritized
when o is near 0. Instead, the model focuses on the global context. a is modified as training progresses and is
specific to the particular modality, lesion type, and image complexity.

4.5 Classification Module
The final step after obtaining the fused feature representation from the cross-attention mechanism is to classify
the image as benign or malignant. The embedding Fj;,,1s a representation of the lesion with fine-grained detail,
as well as the global context. This makes it a suitable candidate to be processed through a compact yet expressive
fully connected classification head.
The last component of the model is the classification module, which has finely tuned class probabilities. It consists
of one more two-stage MLP which has one final sigmoid layer. The first stage projects the fused feature vector to
an intermediate high-level latent representation. Let us define the first stage as:
Hl = ReLU(WlFfusion + bl)!
The fusion is done at the feature level. HereW,; € R>12*%fserves as the first fusion dimension to the 512 space of
the first layer latent dimensions. To reduce overfitting, especially important in medical imaging with limited
samples—a dropout layer with probability p,is applied: H; = Dropout(H,).The second-stage output and the first-
stage representation are further refined through another dense transformation. Let us define this as: H, =
ReLU(W,H; + b,),where W, € R?6*512 A second dropout layer further prevents co-adaptation and improves
generalization across datasets. Finally, the classifier outputs a probability score reflecting malignancy likelihood:
y = o(W3H; + bs),
Where, y € [0,1]is the predicted malignancy probability, and adenotes the sigmoid activation function. To train
the classifier, we minimize the binary cross-entropy loss:
Lgs = —[ylog () + (1 —y)log (1 = P)],
wherey € {0,1}is the ground-truth label. To handle class imbalance and emphasize harder malignant examples,
focal loss can optionally be incorporated:
Liocar = —a(1 =) ylog () — (1 — )" (1 - y)log (1 =),
with focusing parameter y > 0.
Through the balanced modeling of negative samples with sparse dropout, the optimized robustness-formulated
MLP affords itself as a generalizable classifier across adverse imaging conditions and retains sensitivity to
malignant lesions. The proposed framework discriminates between regions of interest in the final prediction stage
through this classification head and segmentation preprocessing with hybrid CNN-Transformer features.

4.6 Metaheuristic Hyperparameter Optimization (Condensed Version)
The performance of a hybrid CNN-Transformer architecture is dependent on hyperparameter values (like learning
rates, batch size, dropout probabilities, attention head counts and sizes of convolutional kernels) This framework
thereby relies on metaheuristic optimization namely Grey Wolf (GWO) and Harris Hawks Optimization (HHO)
instead of manual tuning to discover the optimal values and plug them. In the framework, each possible solution
is represented as a vector S =[n,B,pd,H,k], where 1, B, pd, H and k represent learning rates,batch sizes, dropouts
head counts and kernel size respectively.
Fitness Function: To steer the optimization toward the clinically relevant value, the fitness function is constructed
to maximize the value of the area under the curve (AUC) and to impose a penalty on the false positive rates:
F(S) = AUC(S) — 1 - FP_Rate(S),where A is a small positive constant to fine-tune the influence of the penalty.
Grey Wolf Optimizer (GWO): In GWO, positive updates for each candidate solution come from only the top
three candidates (o, 3, 8) in an iteration. Plugins for each candidate S are defined for the value of n as
S1=8Sa —A11CSq =S 1,5, =8 — A, | (oS =S 1,53 =S5 — A3 | G355 — S |,

and the final position is averaged:
S1+ S, +S;

3 .
This method should allow for a balanced exploration and exploitation strategy on all hyperparameter values.
Harris Hawks Optimization (HHO): HHO models cooperative prey capture. The update depends on the prey’s
escape energy E:

St+1 —

S+l — {Sbest —ElJSexx—S1, |EIZ=1,

Sbest —E| Sbest -S|, | E < 1.
When | E |= 1, the algorithm explores globally; when | E |< 1, it refines solutions locally.

Final Selection
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After iterations, the optimal hyperparameters are chosen as: S* = arg max F(S). This automated optimization

improves training stability and enhances model generalization without manual intervention.

4.7 Training Process

The training procedure for the proposed MMViT-Net is an end-to-end, segmentation-guided, and optimization-
driven process, which also follows in Algorithm 1. Before training, multimodal breast imaging datasets are first
preprocessed to remove noise, improve contrast and normalize Intensity variations. First, an Attention U-Net is
trained to generate lesion segmentation masks that are used for making the diagnostically relevant regions of input
images salient. These lesion-focused images are passed to the hybrid feature extraction module and processed by
EfficientNet-V2 to obtain fine-grained local representations and Vision Transformer (ViT-B/16) to capture long-
range global contextual dependencies. A cross-attention—based fusion mechanism is employed to aggregate these
complementary features into a unified representation. To combat data-set imbalance and enhance generalization,
during training we apply a data-augmentation strategies like MixUp and CutMix. For the model hyper-parameters,
they're automatically tuned via a hybrid GWO and HHO strategy that treats training as an optimization problem
and aims for configurations of below data validation AUC (and possible false positive rates). We obtain the
iterative updated of the network parameters via backpropagation until converge, and use optimal validation
performance to select final MM ViT-Net model, as we shown in Algorithm 1.

Algorithm 1: Training Procedure of MM ViT-Net

Input:
Multimodal datasets D = {BUSI, CBIS-DDSM}, Maximum epochs E, Metaheuristic iterations T,
Initial hyperparameter search space S

: Preprocess all images in D using noise reduction, CLAHE, and normalization
Train Attention U-Net to obtain lesion segmentation masks
Apply segmentation masks to generate lesion-focused images
Initialize MM ViT-Net with EfficientNet-V2 and ViT-B/16 encoders
Initialize GWO and HHO populations for hyperparameter optimization
fort=1toTdo
Select candidate hyperparametersf_t using GWO-HHO
Configure MMViT-Net with 6_t
9:  forepoch=1to E do
10: Apply data augmentation (MixUp, CutMix)

LA o e

11: Extract local features using EfficientNet-V2

12: Extract global features using ViT-B/16

13: Fuse features using cross-attention mechanism
14: Predict class probabilities

15: Compute classification loss

16: Update network weights using backpropagation
17:  end for

18:  Evaluate model on validation set

19:  Compute fitness score (AUC — A x False Positive Rate)
20: end for

21: Select 6* with maximum fitness score

22: Retrain MM ViT-Net using optimized hyperparameters 6*
23: Output final trained MM ViT-Net model

Output:
Trained MM ViT-Net model with optimized parameters

5. RESULTS AND DISCUSSION

This section goes into details of the proposed framework, MMViT-Net for detection breast cancers from
mammography and ultrasound images. Both qualitative and quantitative, the analysis demonstrates and confirms
the efficacy of segmentation-guided learning, hybrid CNN—Transformer feature extraction, cross-attention fusion,
and metaheuristic optimization. All experiments are done using stratified five-fold cross-validation to provide
robustness and reproducibility.

5.1 Dataset Description

5.1.1 Dataset Overview

The evaluation of a breast cancer diagnosis framework needs to be as diverse and clinically relevant as possible
with respect to how the imaging data is collected. In this study, the proposed MM ViT-Net is evaluated with the
two breast imaging datasets that are publicly available (ultrasound and mammography) and provide
complementary diagnostic details. While the ultrasound images highlight the boundaries of the lesions and the
textures internally, the mammography images show the more global structures of the tissue and the distributions
of the masses. In order to examine robustness and cross-modality generalization, the datasets are merged into a
single multi-modal benchmark. The summary of the datasets can be found in Table 1.
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Table 1. Dataset Description and Statistics

Dataset Imaging Classes No. of | Benign /| Malignant | Additional
Modality Samples | Non- Annotations
malignant
BUSI Ultrasound Normal, 1,578 1,157 421 Pixel-level
Benign, ground-truth
Malignant masks
CBIS- Mammography | Benign, 3,568 2,111 1,457 ROI-level
DDSM (X-ray) Malignant cropped
images
Combined | Multi-modal Binary 5,146 3,268 1,878 Unified
(0/1) cross-dataset
benchmark

The BUSI datasets hold ultrasound images that have been labelled as normal, benign, and malignant. For the sake
of consistency with binary diagnosis, the normal and benign cases are treated as one class of non-malignant. A
portion of the BUSI images comes with pixel-wise masks that are annotated for lesions, and these are used to train
the Attention U-Net segmentation module. The CBIS-DDSM datasets comprise mammography images that have
been labelled as benign and malignant, and these datasets provide the region-of-interest (ROI) that have been
cropped background samples. The aggregate dataset contains a total of 5,146 images and this will allow MMViT-
Net to learn the modality-specific and modality-invariant representations under a unified evaluation setting.
5.1.2 Data Splitting and Label Distribution

In order to maintain reproducibility and unbiased assessments, the combined data set is split into three parts: a
training set, a validation set, and a test set (as seen in Table 2). This split is done through stratified sampling so
that the proportion of each class is kept constant in each of the three sets. Also, to mitigate the effect of random
sampling, a five-fold cross validation will be used.

Table 2. Train—Validation—Test Split of the Combined Dataset

Split Percentage Total Samples | Benign | Malignant
Training 70% 3,602 2,288 1,314
Validation 15% 772 490 282
Testing 15% 772 490 282

Total 100% 5,146 3,268 1,878

There is a moderate class imbalance present in the data set, with approximately 54% of the data containing
benign/non-malignant samples. This imbalance is common in clinical screenings and it is addressed in MM ViT-
Net through segmentation-guided learning, class-aware loss design, and a false positive penalization in the
metaheuristic optimization objective.

5.2 Experimental Setup

We built MM ViT-Net from scratch using Python alongside the PyTorch framework which takes advantage of GPU
acceleration for training. We further utilized the timm and torchvision libraries to obtain efficientNet-V2 and ViT-
B/16, and combined these with the visual transformers as pretrained backbones. We used OpenCV and NumPy to
preprocess images to resize, normalize, denoise and augment the contrast of the images. We also used PyTorch to
structure our data and batches with the Dataset and Datal_oader methods. We used the Adam Optimizer for model
training, and Python libraries for the GWO and HHO to conduct metaheuristic hyperparameter tuning. We used
the scikit-learn library to compute our performance metrics (accuracy, precision, recall, and F1 score) and ROC-
AUC, while the confusion matrix was used to separate samples into the regions by which the classes are predicted,
and we used Matplotlib and Seaborn for the other visualizations. We used the PyTorch gradient hooks for the
Grad-CAM to provide framework. For the fair evaluation of our model and to ensure reproducibility, we
conducted all experiments with the same training conditions using stratified five-fold cross-validation.

5.3 Segmentation Results

Correct lesion segmentation is crucial for the accurate diagnosis of breast cancer as it removes non-relevant
background tissues and steers the focus of classification to the clinically relevant areas. An Attention U-Net was
applied for lesion segmentation and was trained using ultrasound, mammography, and complete multi-modal data.
The segmentation results were assessed using the (Dice, IoU, Prec, Rec, and 95th percentile of the Hausdorff
Distance (HD95), for which the overlap-based metrics evaluate the boundary precision and the respective metric
for regional assessment).

Table 3. Segmentation Performance Including HD95

Dataset Dice (%) | 1oU (%) | Precision (%) | Recall (%) | HD95 (mm) |
BUSI (Ultrasound) 95.6 91.8 95.1 96.2 3.1
CBIS-DDSM (Mammography) | 94.9 90.3 94.4 95.6 3.6
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| Combined Dataset | 96.4 | 92.6 | 96.1 | 97.0 | 2.8 |

Attention U-Net is noted to attain strong segmentation performance for all individual datasets, recording a Dice
score equal to or exceeding 94%. Among all datasets, the multi-modal dataset appears to achieve the greatest
performance, both marginally exceeding the remaining datasets in all Dice and IoU metrics as well as
demonstrating the greatest difference in boundary precision and contour HD95. The superiority in data volume
and variability strengthened the U-Net to develop contour representations and allow for a closing contour
accuracy, all of which are highly advantageous for contour and clinical assessments.

Segmentation Performance Over Epochs
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Fig. 2. Segmentation Performance Over Training Epochs

Figure 2 shows how Dice and IoU scores changed over the course of training. There were no signs of oscillation
during the training. This indicates that the optimization of the Attention U-Net was stable. Consequently, the
segmentation model was learning to classify the lesions across the many diverse images of the ultrasound and
mammogram images.

Figure 3 shows the segmentation results from the Attention U-Net on ultrasound images. The predicted lesion
mask and the ground truth annotation match very well in shape, location, and border extent. The model, with the
segmentation of the lesion, accurately outlines the core of the lesion and removes the extra tissue and background
imaging artefacts. This visual agreement shows the segmentation model successfully achieved high Dice and low
HD95 values from Table 3. This also provides region-of-interest inputs for downstream MMViT-Net
classification, enhancing clinical interpretability.
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Fig. 3. Segmentation Results of the Attention U-Net

The overlap accuracy and boundary precision for joint training on the combined dataset shows how lesion
segmentation benefits from training on combined dataset. The creation of high-quality segmentation is a key step
that helps to enhance diagnostic accuracy and interpretability.

5.4 Classification Results

To achieve that, this section will firstly provide a detailed introduction regarding the classification ability of the
proposed MMViT-Net model. Classification was performed on the ultrasound, mammography and explicated
multi-modal datasets following attention guided lesions segmentation. This included evaluating performance
metrics, like accuracy, precision, recall (sensitivity), the F1 measure and area under ROC-curve (AUC). These
metrics measure correctness (or lack of) in the diagnosis, stability when facing a class imbalance, and
discriminative ability from different decision thresholds. All results are reported using a stratified five-fold cross-
validation.

5.4.1 Dataset-Wise Classification Performance

Table 4. Dataset-Wise Classification Performance of MMViT-Net (%)
Dataset Accuracy | Precision | Recall | F1-score | AUC
BUSI (Ultrasound) 98.91 98.74 99.02 | 98.88 0.995
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| CBIS-DDSM (Mammography) | 98.47 | 9831 | 98.56 9843  [0.993 |

From Table 4, it can be seen that MMViT-Net consistently achieves high classification performance for both
individual and pooled datasets. Accuracy for individual modalities is more than 98%, validating robust modality-
aware learning. Importantly, the performance for the pooled datasets surpassed all others for all metrics,
highlighting the benefits of multi-modal training. The high recall values of greater than 99% are indicative of
ensuring high sensitivity to avoid missing out on cases of malignancy, while the high level of precision is
indicative of reducing false alarms, both of which are requisite for screening in clinical systems.
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Fig. 4. Confusion Matrix of MM ViT-Net

5.4.2 Confusion Matrix Analysis

The confusion matrix in Figure 4 shows that the model made very few misclassifications. The model is also able
to correctly identify most of the benign and malignant cases and has very few negative and positive false cases.
This balance of sensitivity and specificity further stresses the clinical trustworthiness of the MM ViT-Net, as most
of the malignantly skipped cases and unnecessary follow-up and screening values are reduced.

5.4.3 Training and Validation Behavior

fraining and Validation Accuracy Training and Validation |

Oons

041

10 20 w *0 %0 o w0 30 w “0
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Fig. 5.a) Training and Validation Accuracy Curvesb) Training and Validation Loss Curves

Figure 5.a depicts the training and validation accuracy converging smoothly and in parallel for the accuracy curves
reaching almost 99% with a very small generalization gap. This indicates that the model is neither undertrained
nor overfitted and that regularization was successful. In the corresponding loss curves in Figure 5.b, the loss values

decrease without oscillating or diverging, confirming that the model is optimizing stably and learning the
discriminative features efficiently.

5.4.4 ROC Curve Analysis
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Fig. 6. ROC Curve of MM ViT-Net on the Combined Dataset

The ROC curve in Figure 6 is noted to be reaching the upper left corner with a 0.998 AUC value for a single
model run which suggests that classification performance for the model is excellent. This shows that the model is
maintaining AUC even when the cutting point of AUC is shifted upwards for 0, to maintain high sensitivity and
high specificity.

5.4.5 Ablation Study on Classification

Table S. Ablation Study Results (%)

Configuration Accuracy | AUC
CNN only 96.4 0.972
ViT only 96.8 0.979
CNN + ViT (no fusion) | 97.9 0.988
Without segmentation | 97.4 0.982
MMYViT-Net (Full) 99.1 0.996

In Table 5 of the ablation study, it shows each of the constituent parts of MM ViT-Net is necessary and contributes
to the performance increase of the classification. Not having the segmentation component or not having the cross-
attention fusion component leads to significant deterioration of the performance. This emphasizes the critical
importance of the lesion candidates focused inputs and the mixture of selective attention and feature cross
integration. Also, the highest accuracy and AUC is achieved when all components of the MM ViT-Net are used.
This confirms the value of the fully integrated system design.

5.4.6 Statistical Robustness and Confidence Analysis

Measurement of cross-fold classification accuracy will be used to determine the statistical reliability.

e For the paired t-test to be valid, the mean accuracy of the MMViT-Net and the baselines across the five folds
will need to be the same. The p value of MMViT-Net = Baseline < 0.001, thus, the mean accuracy was indeed
different, validating the t-test.

e The confidence intervals for the combined dataset, as well as the width for the combined dataset, was
approximately + 0.2, which translates to 95.

These results show that the performance improvements were real, and the randomness factor can be neglected.
The classification results show that MM ViT-Net has advanced breast cancer diagnosis capabilities, mainly due to
the combination of segmentation-guided preprocessing, hybrid CNN—Vision transformer feature extraction, and
cross attention fusion. This is especially the case for the combined dataset. This demonstrates that multi-modal
learning can increase performance, and in particular, it enhances the generalization and robustness of the model
by providing a more diverse set of data with varied and complementing modalities. High recall is especially critical
in ensuring that all malignant cases are identified, and coupled with the combination of the accuracy, precision,
and low false positive rates, makes the system clinically safe.

5.6 Metaheuristic Optimization Results

A deep learning model's reaction to hyperparameter selection is especially evident when using hybrid CNN—
Transformer architectures. Here, learning rate, dropout, attention dimension, and batch size affect the convergence
behavior and generalization, resulting in either positive or negative outcomes. Both manual and grid-based
hyperparameter tuning approaches are expensive and inefficient, as they may lead to undesirable outcomes. In
overcoming this concern, the architect of MMViT-Net utilizes a hybrid metaheuristic optimization technique
involving the Grey Wolf Optimizer (GWO) and Harris Hawks Optimization (HHO) to automate the discovery of
the best hyperparameter settings. The optimization objective is to maximize diagnostic performance while
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maintaining clinical safety, which is captured in a fitness function that aims for a high AUC, while the false
positive rate is subjected to the punishment.

Fales Positive Rate Reduction Duting Optimization
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Fig. 7.a) False Positive Rate Reduction During Optimization b) Fitness Convergence of the GWO-HHO
Optimization

The curve of fitness convergence indicates the optimizer’s capacity to integrate and balance exploration and
exploitation. Smoother and more monotonic increases signal a more sophisticated optimization while avoiding
premature convergence. In the context of Figure 7.a, we look at how the optimization iterations affect the false
positive rate and how they relate to one another. Over the course of the 40 iterations, the positive fitness function
underwent significant changes, especially when considering the time frame of 2.5 seconds, and the lack of
improvement under the previous criteria. The fitness value of the hyperparameter optimization function is shown
to increase from 0.92 to 0.99, or 7 iterations. In addition to the absence of oscillations indicating convergence, the
hybrid GWO-HHO strategy is found to improve.

Diagnosing medical conditions entails a high level of precision since errors may lead to unnecessary biopsies and
increased anxiety for the patient. Providing specific penalties for false positives in a given fitness function directs
the optimizer to certain solutions that may be considered more safe from a medical perspective. As shown in Fig.
7.b, we observe a steady decline of the false positive rate, from 6% to almost 2% in each of the optimization
iterations. This optimization trend suggests that the given metaheuristic strategy does improve the overall
optimization and, more importantly, the clinical confidence associated with the reduction of false positive
malignant predictions.

GWO vs HHO Optimzabon Performance
GWOo

o 10 20 ] 40
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Fig. 8. Comparative Optimization Behavior of GWO and HHO

Metaheuristic algorithms are known to provide different optimization performances. While GWO achieves a
balanced exploration and exploitation due to the social hierarchy, HHO accelerates optimization with convergence
by utilizing adaptive exploitation. In Fig. 8, we analyze GWO and HHO in terms of convergence and fitness
optimization. HHO provides a high rate of convergence to elevated fitness solutions, while GWO offers a more
balanced convergence in the initial iterations. Combined, these algorithms provide the optimal overall exploitation
and convergence speed. In further detail, we analyze the overall impact of the GWO and HHO hybrid algorithms
by reporting the negotiated hyperparameters from the training phase and performing a statistical analysis to
compare the MM ViT-Net configurations with and without optimization.

Table 6. Optimized Hyperparameter Values Selected by GWO-HHO

Hyperparameter Search Range | Optimized Value
Learning Rate (1) [le=5, 1e-3] 2.1 x10*

Batch Size (B) {8, 16,32} 16

Dropout Probability (p) | [0.2, 0.6] 0.35

Attention Heads (H) {4, 6,8} 8

CNN Kernel Size (k) {3,5,7} 5
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The hyperparameters illustrated in Table 6 demonstrate an equilibrium between the model stability of learning
and the model's flexibility. Furthermore, the moderate values for learning and dropout along with the other
parameters assist in the model's overfitting. Also noteworthy, the greatest values in heads of attention amplify the
Vision Transformer's ability in the overfitting model to represent and learn the long-range dependencies of the
data. Furthermore, the selection of these values in multiple runs strengthens the notion of convergence to a
particular hypothesis for the optimum value of each hyperparameter.

5.6.1 Statistical Comparison with Non-Optimized Training

In this section, to measure the statistical significance of the obtained performance improvement via metaheuristic
optimization, performance of MMViT-Net with GWO-HHO hyperparameters was compared to a non-optimized
version where default settings were used. The performance was measured in five cross-validation folds.

Table 7. Performance Comparison: Optimized vsnon-optimized MM ViT-Net
Model Configuration Accuracy (%) | AUC | False Positive Rate (%)
Non-Optimized MM ViT-Net 98.41 +0.32 0.991 | 3.9
Optimized MMViT-Net (GWO-HHO) | 99.32 = 0.18 0.998 | 1.9

Statistical Significance: The improvements made by the optimized MM ViT-Net are not due to random chance as
a paired t-test on accuracy and AUC values across the folds resulted in p < 0.001. The hybrid GWO-HHO
(Generalized Whale Optimization - Hybrid Harris Hawk Optimization) approach in Metaheuristic
Hyperparameter Optimization has proven to be effective for multi-modal breast cancer detection by further
enhancing accuracy, AUC, and reducing false positives.

5.7 Explainability Analysis

Grad-CAM was used for transparent and clinical model interpretation to map the class-discriminative regions for
each target class the proposed MMViT-Net model is predicting.

BUSI - I K«‘!'Jélq_!): !b‘ivfg\alnablllly
20
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it
Benign: 0.6 At O304

Fig. 9. Explainability Results on BUSI and CBIS-DDSM Datasets

In the BUSI ultrasound dataset (Figure 9), the model predicts and classifies the image as benign (Benign = 0.793)
with high confidence and the Grad-CAM heatmap captures the clinical echogenic mass of the lesion centered at
the mass while the background tissue that is irrelevant is suppressed. In the CBIS-DDSM mammography dataset
where the model predicts one more benign case (Benign = 0.616), Grad-CAM captures the dense breast tissue and
the breast area where the mass is, and the model’s prediction reflects good awareness of global context. In both
datasets, the Grad-CAM activations correspond to relevant anatomy, which suggests that the MMViT-Net is
focused on the pathology and not on the other context that might lead to erroneous model predictions. The model’s
adherence to clinical knowledge and the visual explanations is aligned with the high recall and low false-negative
rates achieved in the classification results, which increases the trust in the model for real-world diagnostic
applications.

6. CONCLUSION

We introduced MMViT-Net as the first, robust and explainable multi-modal deep learning framework for the
automated diagnosis of breast cancer in mammography and ultrasound images. The integrated attention-guided
lesion boundary highlighting, hybrid CNN-Vision Transformer feature extraction, cross-attention—based
multimodal fusion, and metaheuristic hyperparameter optimization address the issues of data heterogeneity, class
imbalance, and limited generalization. The extensive experiments conducted on the BUSI and CBIS-DDSM
datasets, and their multi-modal benchmarks suggested that MM ViT-Net attained the best segmentation accuracy
with precise boundary delineation and achieved state-of-the-art classification with high accuracy, sensitivity, and
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area under the receiver operating characteristic curve (AUC). The addition of explainability using Grad-CAM
provided visual evidence that the model’s predictions were made on clinically significant lesion areas, which
enhanced trust and interpretability. Additionally, the hybrid GWO-HHO optimization method increased the
diagnostic performance while decreasing the false positive rate and improving clinical safety. In conclusion, we
confirm that MMViT-Net is effective, generalizable, and clinically dependable for breast cancer detection, and
has the potential to assist radiologists in actual screening and diagnostic workflows.
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