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ABSTRACT

Breast cancer diagnosis from histopathological images remains a criti-
cal yet challenging task due to high intra-class variability and reliance
on expert interpretation. Although deep learning models have achieved
promising results, many existing approaches suffer from limited inter-
pretability and insufficient modelling of global contextual dependencies.
This study proposes a hybrid deep learning framework that integrates
Convolutional Neural Networks (CNNs) with Vision Transformers (ViTs)
to capture local texture features and long-range contextual relation-
ships jointly. To enhance model transparency, a dual-level explainability
mechanism is incorporated by combining gradient-based and model-
agnostic techniques. This multi-level explainability provides complemen-
tary insights into model behaviour and improves the reliability of pre-
dictions for clinical applications. The combination of explainable AI and
deep learning could enhance transparency and trust in AI-driven breast
cancer classification systems, thereby aiding clinical decision-making. The
proposed model is evaluated on the BreakHis-400x dataset, achieving
94.11% accuracy, 98.18% area under the curve (AUC), and 95.76% F1-
score. Overall, the proposed framework effectively integrates hybrid fea-
ture learning with multi-level interpretability, offering a reliable and trans-
parent approach for breast cancer classification from histopathological
images. The model shows strong potential for deployment in computer-
aided diagnostic systems.
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1 Introduction

Cancer remains a significant global health challenge, with Breast Cancer (BC) representing the
most common malignancy worldwide and accounting for approximately 12.4% of newly diagnosed
cancer cases [1]. BC is among the most frequently diagnosed cancers in American women, representing
nearly 30% of all newly diagnosed cancer cases in women. In 2026, approximately 321,910 women are
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expected to be diagnosed with invasive breast cancer, whereas 60,730 women are projected to develop
non-invasive ductal carcinoma in situ (DCIS). It is necessary to detect it at early stages to improve
survival and reduce BC morbidity. It has diverse characteristics and is represented by entities with
distinct biochemical, histological, and clinical features [2].

Breast cancer is generally classified into two categories: benign and malignant. Benign tumors are
non-cancerous growths that do not spread to other parts of the body; fibroadenomas and cysts are
common examples [3,4]. In contrast, malignant breast cancer consists of cancerous lesions that may
be non-invasive and invasive. The DCIS is a non-invasive (Stage 0) malignant lesion confined to the
milk ducts, whereas invasive ductal carcinoma (IDC) and invasive lobular carcinoma (ILC) are the two
most common invasive breast cancer types that can invade surrounding tissues and metastasize if not
detected early [5]. Traditional diagnostic methods such as mammography, ultrasound, and magnetic
resonance imaging (MRI) are widely used for breast cancer screening. However, definitive diagnosis
often requires biopsy-based histopathological examination, where stained tissue samples are analyzed
under a microscope by expert pathologists [6]. Although accurate, this process is time-consuming
and highly dependent on clinical expertise, underscoring the need for automated, efficient diagnostic
systems.

In recent years, deep learning (DL), particularly convolutional neural networks (CNNs), has
significantly improved medical image analysis and histopathological image classification. Architec-
tures such as VGG, ResNet, and DenseNet have achieved high accuracy through hierarchical spatial
feature learning. However, CNNs are limited in capturing global contextual information due to their
localized receptive fields and are often considered black-box models with limited interpretability,
which remains a major concern in clinical applications [7]. To address the shortcoming, a hybrid CNN
system that combines Vision Transformers (ViTs) and Grad-CAM explainability to provide a physical
understanding of the decision was proposed. Hybrid CNN+ViT achieved 94.11% on the BreakHis-
400x dataset, providing a solid baseline for explainable breast cancer detection. There is a pressing
need for an explainable, computationally efficient, and context-aware deep learning framework that
improves diagnostic accuracy while retaining clinical interpretability. We emphasize that existing
work is at the level of explainability prediction. In contrast, our model is simultaneously feature and
decision-level explainable, unlike existing work.

1.1 Motivation
Current breast cancer image classification techniques for histopathological images have serious

limitations that limit their clinical use. While CNN-based models rely primarily on local texture
information, they may not capture long-range contextual information and global tissue architecture.
By contrast, transformer-based models, because of their global representation capability, are costly
and require massive-scale data to achieve good performance. Besides, current hybrid CNN–ViT
frameworks focus on classification accuracy without providing interpretable explanations, and they
often adopt a one-shot strategy that provides only a single level of explanation, such as localization
or reasoning. Moreover, inadequate evaluation methods and model complexity make it difficult
to reproduce and translate the models into clinical use. This study introduces an efficient and
interpretable hybrid system that combines complementary local and global feature learning with a
dual-level explainability approach to enhance diagnostic transparency, improve performance, and
better adapt to AI-supported clinical workflows.
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1.2 Research Contribution
To eliminate the shortcomings of previous CNN-based explainable models, the current study

contributes to the field in the following ways:

1. Production of a Hybrid CNN ViT model, which combines local convolutional features
with transformer-based self-attention to acquire local and macro contextual information in
histopathological images.

2. Increased interpretability due to the combination of Explainable techniques and attention
visualization that can offer dual-level explanations of the localization of tumors.

3. A detailed analysis of the BreakHis-400x data, with 94.11% accuracy, is an improvement.

4. Addressing the knowledge gap by establishing an explainable, accurate, and efficient deep
learning system that enhances clinical trust and clinical performance.

This paper is organized as follows. Section 2 reviews existing studies on breast cancer classification
using the BreakHis-400x and related datasets. Section 3 presents the proposed methodology, including
dataset details, preprocessing techniques, and model architecture. Section 4 discusses the experimental
results and performance evaluation, while Section 5 presents the explainability analysis. Section 6
highlights the major findings and contributions of the study. Finally, Section 7 concludes the paper
and discusses the clinical significance and future impact of the proposed system.

2 Literature Study

In recent years, deep learning has achieved significant progress in breast cancer detection.
According to reviews, CNNs remain strong baselines; however, they lack global context and inter-
pretability. New trends are therefore transformer-based models, CNN Transformer hybrid models,
and more efficient backbones with explainability methods (Grad-CAM, attention visualizations) to
improve clinical trust and deployability. However, the research was small-scale, which undermined
generalizability. To enhance interpretation and strength, the authors provided suggestions for future
improvements, including stacking and voting. Their work improved the precision and transparency of
AI-based breast cancer diagnostic models.

This study has investigated various machine learning and deep learning models for breast cancer
diagnosis using multiple datasets of histopathological images, among others, as summarized in Table 1.
These have been improved using hybrid models that combine feature extractors and classifiers.
Irrespective of the level of such developments, shortcomings remain, such as datasets with uneven class
distributions and small sample sizes, which limit the model’s generalization capability. The proposed
model will deploy various strategies to improve performance and address data imbalance, ensuring
that all classes are represented in proportion. The other aspect is that the proposed model must
be interpretable and transparent using explainable techniques. By using these techniques, we can
understand how the model makes its decisions, and so, it seems simpler to adopt them in the clinic.
Further research should explore hyperparameter optimization, feature selection, scalable design, and
explainable AI to enhance reliability and transparency in BC diagnosis.

Recent research shows that combining deep learning and explainable AI techniques is increasingly
being used for breast cancer histopathological image classification. CNN-based models are good at
learning fine-grained local texture features, while Transformer-based models can learn the global
contextual dependencies and tissue architecture. There are still limitations in existing studies, including
low interpretability, computational complexity, reliance on relatively small datasets, and the absence
of external clinical validation. To overcome these challenges, the proposed work is a hybrid CNN-ViT
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with dual-level explainability, combining complementary extraction of local and global features to
enhance transparency, interpretability and clinical applicability.

Table 1: Research on detection and classification of breast cancer

Ref. Methodology used Dataset Accuracy Research gap

[2] DNBCD B-400x 93.97 Limited global feature
representation and restricted
generalisation

[8] Hybrid CNN-ANN B-400x 89.47 Problem with overfitting
[9] QOA B-400x 93.67 Quantum layers scalability
[10] XSV and XRF B-400x 90.17 Dataset imbalance
[11] Mobilenet-SVM BreakHis 91.50 Model complexity
[12] CNN-based classifier BreakHis 91.60 Drop in accuracy at higher

magnification
[13] Fine-Tuned Resnet B-400x 90.85 Multi-layer feature integration

complexity
[14] IQI-BGWO+SVM MIAS 99.25 Model complexity constraints
[15] CNN 75 serum

samples
91.11 Small datasets affect

generalizability
[16] SERS 60 serum

samples
95 Effect in generalizability due to a

small dataset
[17] Fine-tuned densenet PatchCamelyon 97.40 Model complexity constraints
[18] CatBoost+MLP Wisconsin 99.3 Effect in generalizability due to a

small dataset
[19] UNet+CNN BUSI 86 High computation cost
[20] Vision transformer BUSI 88.6 Small dataset size
[21] VGG19 BUSI 87.8 Class imbalance issue
[22] ProtoNet+Resnet50 BUSI 88.9 Dependency on dataset similarity
[23] ViT B/32 BUSI 86.7 A small dataset affects

generalizability
[24] SCA-inception UNeXt Multiple

datasets
81.66 Lacked interpretability and low

performance
[25] Enhanced inception V3 Multiple

datasets
81 Issues with model generalisation

[26] HAU-Net Multiple
datasets

83.11 Issues with model generalisation

3 Methodology

This section describes the proposed methodology, dataset description, preprocessing techniques,
and an overview of the deep models used in the proposed work. All analyses were conducted using the
BreakHis-400x dataset with Python.
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3.1 Proposed Methodology
The methodology of the proposed system is designed to analyze and categorize breast cancer

images most effectively, as illustrated in Fig. 1. The dataset serves as the primary input to the system’s
first stage, which analyzes the images. These images are pre-processed to enhance image quality and
ensure they are ready for the subsequent steps.

Figure 1: Overview of hybrid CNN-ViT
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These image data are further divided into validation, training, and testing sets using a layered
splitting approach. Then, various models, such as Densenet121, Hybrid CNN, MobileNet, Resnet50,
VGG19, AlexNet, EfficientNet, ViT and others, are developed. Among these models, we select the
Hybrid CNN and ViT models to build our proposed model. These models are then translated, CNN
layers are added, and transfer learning is applied. A combination of ViT and additional CNN layers
with transfer learning yields the best performance, and hence our proposed model. Next, we classify
breast cancer using this model. Lastly, the system provides explanations of classification results in an
easy-to-interpret format. The following describes the main steps of the proposed methodology.

The CNN branch consists of four convolutional layers, batch normalization, max pooling and
dropout, which capture fine-grained local histopathological features, as shown in Fig. 2. The ViT
branch extracts patches and feeds them to transformer encoder blocks, which learn long-range
contextual and global tissue architecture through self-attention mechanisms. A feature concatenation
fusion strategy is employed to combine complementary features from both branches, and a fully
connected layer is used to classify the fused features. This model fusion enables learning both local
and global feature representations, thereby enhancing classification results and interpretability.

The proposed model consists of two parallel feature extraction branches. The CNN branch
consists of four convolutional blocks with increasing filter depths (32→64→128→256). Batch Nor-
malisation, ReLU activation and Max Pooling (2 × 2) are applied after each convolutional block.
In the deepest block, Spatial Dropout with rate 0.25 is applied followed by Global Average Pooling
to produce a 256-dimensional local feature vector. The ViT branch splits the input into 196 non-
overlapping patches of size 16 × 16, which are projected into a 256 dimensional embedding space
and passed through four Transformer Encoder blocks, each with Multi-head Self-Attention (8 heads,
head-dim = 32) and Feed-Forward Network (256→1024→256, GELU, dropout = 0.1) with Pre-
Layer Normalisation and residual connections, and the [CLS] token is used as a 256-dimensional
global context vector. The two branch outputs are fused by concatenation (512-d) followed by
linear projection. The two branch outputs are fused by concatenation (512-d) followed by a linear
projection (FC: 512→256, ReLU, Dropout = 0.50) and Layer Normalisation, followed by a two layer
classification head (FC: 256→128→2, Softmax) to produce the final Benign/Malignant prediction.
The model is trained using AdamW with layer-wise learning rates (backbone: 1 × 10−5, head: 1 × 10−4),
linear warmup followed by Cosine Annealing, Cross-Entropy loss with label smoothing (epsilon = 0.1)
and gradient clipping (max_norm = 1.0). Results are reported as mean ± SD over ten independent
runs (94.11% ± 0.38%).

3.2 Dataset Description
This study uses a publicly available dataset from the Kaggle repository. The data is labelled

with benign and malignant examples. The variability and quality of the images contribute a lot to
ensuring that the models perform well. The dataset is split into three subsets: 70% for training, 10%
for validation, and 20% for testing. Therefore, the work is done on this split, and it is taken as the
effective score and variance in splitting the data.
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Figure 2: Architecture of proposed model hybrid CNN+VIT for breast cancer
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BreakHis-400x Dataset: A subset of the BreakHis dataset containing 1693 microscopic breast
tumor images from 82 patients. The dataset includes two classes: benign (547 images) and malignant
(1146 images), with all images captured at 400× magnification. Fig. 3 presents sample benign and
malignant images, while Fig. 4 shows the class distribution for the overall dataset, training, testing,
and validation sets. The dataset was divided into training (1184 images), testing (170 images), and
validation (339 images) sets. To improve generalization and reduce overfitting, data augmentation
techniques such as shifting, zooming, flipping, and rotation were applied. In addition, transfer learning
was used to enhance feature extraction using pre-trained representations. Although the framework
achieved strong performance, validation on independent multi-center datasets remains an important
direction for future research to assess clinical generalizability further.

Figure 3: Result of benign, malignant images from BreakHis-400x

Figure 4: (Continued)
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Figure 4: Class distribution of different categories from the B-400x dataset: (a) overall dataset, (b) train
set, (c) test set, (d) validation set

3.3 Preprocessing Techniques
The B-400x dataset contains several challenges, including variations in image dimensions, pixel

quality, imaging conditions, and class imbalance. Fig. 5 describes the class weights of different
categories from B-400x. To improve data consistency and quality, multiple preprocessing techniques
were applied. Fig. 6 demonstrates the preprocessing steps on sample images from the dataset. Fig. 6(1)
shows the original image, Fig. 6(2) the resized image, and Fig. 6(3) the normalised image. Data
augmentation techniques were further applied to improve model robustness, including rotation in
Fig. 6(4), height shift in Fig. 6(5), shear transformation in Fig. 6(6), horizontal flipping in Fig. 6(7),
and zoom augmentation in Fig. 6(8). In addition, statistical variations in mean, maximum, and
minimum pixel values are presented in Table 2 and Fig. 7. These preprocessing and augmentation
methods improved image standardization, feature extraction, dataset variability, and overall model
reliability and accuracy.

3.4 Overview of the Deep Learning Model Used
Recent developments in computer vision and artificial intelligence have enabled significant

breakthroughs in breast cancer detection using histopathological images. Three major technical
streams in the literature include CNNs, transformer-based architectures, and lightweight, scalable
models, each with its own advantages and disadvantages. Moreover, more open clinical decision-
making has become possible with the emergence of Explainable Artificial Intelligence (XAI) methods
and attention visualization.

3.4.1 CNN-Based Models

CNNs have been used for medical image classification, and they are popular because they can
learn spatial hierarchies and local texture patterns. Classical frameworks such as VGGNet, ResNet,
and DenseNet were very successful in histopathology, as they could extract discriminative cell features
[27]. As an example, the DNBCD model, an interpretable CNN based on DenseNet121 with Grad-
CAM, achieved 93.97% accuracy on BreakHis-400x images [2]. Despite the high ability of CNNs to
learn local morphological structures, their small receptive fields do not allow them to comprehend
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global tissue organisation, and their high parameter count adds to computational cost. Also, CNN-
based models can be black boxes, offering little to no interpretability beyond their final predictions.

Figure 5: Class weight of different categories for handling class imbalance from the B-400x

Figure 6: Sample of images after preprocessing: 1) Original, 2) Resized, 3) Normalized, 4) Rotated 20°,
5) Height shift 20%, 6) Shear 15°, 7) Horizontal flipped, 8) Zoom 15%
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Table 2: Overview of average statistics per stage

Dataset Image status Original Resized Normalized Augmented

B-400x Minimum value 0.206275 0.222745 1.041316 0.014118
Maximum value 0.916863 0.893333 2.025679 0.861961
Mean value 0.630580 0.630597 0.802803 0.595927

Figure 7: Statistical summary of the preprocessing image attributes

3.4.2 Transformer-Based Architectures

ViT achieved a breakthrough in image analysis by using self-attention to model long-range
interactions between image features rather than local convolutional filters. ViT separates an image
into patches and considers them as input tokens to gain an insight into both micro- and macro-
level contexts simultaneously. Even with such developments, ViT-based models require large training
datasets and might not perform well on small medical datasets without extensive augmentation or
pretraining [28].

3.4.3 Explainable Artificial Intelligence (XAI) in Histopathology

Medical AI research has increasingly been based on interpretability. Gradient-weighted Class
Activation Mapping (Grad-CAM) is used to visualize the image regions that contributed to a
prediction. It has been widely applied in histopathology, but can produce rough activation maps.
To address this, recent research uses attention-based visualizations (e.g., ViT attention maps, Class
Activation Maps, or hybrid CAMs) to achieve fine-grained interpretability. The combination of atten-
tion mechanisms and CAM-based visualization provides more interpretable and clinically meaningful
explanations that better align with pathologists’ diagnostic observations [29]. However, most previous
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interpretable models treat Grad-CAM and attention separately, rarely combining them to provide a
global interpretative perspective.

Recent deep learning methods for breast cancer histopathology have demonstrated high-
performance issues, including a lack of global context modelling, poor interpretability, poor
generalisation, and deployment challenges. This paper addresses these gaps through specific
architectural and methodological contributions. Table 3 lists the challenges identified in the research,
evidence for these challenges based on the literature, solutions, and their anticipated clinical and
computational advantages. CNNs are used to extract local texture features, convert them into
tokens, and subsequently feed them into a Transformer to obtain global-level information. Finally,
the extracted features are passed to a classification layer trained using Cross-Entropy loss with label
smoothing to distinguish between benign and malignant tissue while improving model generalisation. The
proposed model incorporates explainable AI mechanisms to overcome the black-box nature of the
models. Also, provide transparent, trustworthy, and clinically interpretable predictions.

Table 3: Comparative analysis of the limitations and proposed improvements

Reference Limitation in literature Challenge Proposed solution Expected benefit

[2] CNN focuses on local
texture only

Limited global
context
understanding
in CNN

Introduced Vision
Transformer attention
integrated with CNN
(Hybrid CNN+VIT)

Capture both local cell
features and
long-range structural
patterns

[24] Grad-Cam only
methods provide a
limited region-level
explanation

Limited
interpretability

Combine Grad CAM
+ VIT attention

Multi-level
interpretability for
improved clinical trust

[30] Existing models
trained on small and
single-centre datasets

Limited dataset
diversity

Robust augmentation,
regularisation pipeline
on BreakHis 400x

Better generalisation
and robustness

[31] Most heavy and
unsuitable for
real-time diagnosis
models

Deployment
feasibility

Lightweight model
backbone

Ready for clinical or
embedded deployment

4 Results

All experiments were conducted using the Google Colab cloud computing platform. The models
were trained and evaluated on an NVIDIA A100 GPU with 40 GB GPU memory. This architecture
enabled powerful computational capabilities for training deep learning models. Python 3.7 was used to
construct the system, and the main deep learning models were TensorFlow and Keras. Table 4 shows
the hyperparameters used in our experiments, providing an idea of the configuration followed during
training.

4.1 Performance Evaluation Metrics
Evaluate the system that uses an input picture, x, and the accurate label of the picture, y, to estimate

the probability of many classes, denoted by P(y|x).
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Table 4: Parametric parameters setting for the proposed model

Serial no. Parameter BreakHis-400x

1 Optimizer Adam
2 Input size 224 ∗ 224 ∗ 3
3 Kernal size 3 ∗ 3
4 Batch size 32
5 Class mode Binary
6 Loss Binary_crossentropy
7 Metrics Accuracy
8 Final learning rate 1.0 ∗ 10−4

9 Initial learning rate 1.0 ∗ 10−3

10 Tensor shape (None, 224, 224, 3)
11 Stride 1
12 Activation Relu
13 No. of epochs 20
14 Output activation Sigmod

The difference between the expected and actual labels is computed using the cross-entropy loss. In
this research, the accuracy and loss curves for the state-of-the-art model are presented in Fig. 8. The
accuracy curves for the training and validation sets are shown in panel (a). In contrast, the loss curves
for the trained and validation sets are shown in panel (b). The performance criteria are assessed based
on the B-400x data. The curve assigns different colors to visualize the models’ loss curves, making the
distinction clear.

(a) (b)

Figure 8: (a) represents the training and validation accuracy curve, and (b) the training and validation
loss curve
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4.2 Confusion Matrix for the Proposed Model
Fig. 9 shows the confusion matrix results. Where the labels are represented on the axis, and the

y-axis has the actual labels. Various parameters are used to evaluate the performance of the proposed
model.

Figure 9: Confusion matrix for models used for breast cancer detection

4.3 Analytical Comparison of the Proposed Model Performance
In the current research, a trained hybrid CNN+ViT model has been deployed on the BreakHis

400x dataset. Table 5 shows the performance of the trained models, including accuracy, loss, F1 score,
precision, recall, mean absolute error, root mean square error, and AUC. Overall, the models showed
good performance, with the proposed hybrid CNN+ViT model performing best. The proposed model
achieved an F1 score of 95.76%, an AUC of 98.18%, and an accuracy of 94.11% on the B-400x dataset.
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Table 5: Performance comparison of several modern trained models for B-400x

Dataset Model Accuracy Precision Recall F1 score AUC Loss

B-400X

Hybrid CNN+VIT 94.11 93.38 98.26 95.76 98.18 0.224
DNBCD 93.97 97.47 93.52 95.45 99.24 0.1607
T_Mobilenet 92.33 97.82 90.69 94.12 98.23 0.2453
T_Resnet 67.40 67.58 99.60 80.52 62.80 1.2267
T_VGG19 89.04 96.83 86.64 91.45 96.76 0.2875
Densenet 68.22 83.94 65.59 73.64 77.99 0.5796
Mobilenet 69.32 87.29 63.97 73.83 77.21 0.6062
Resnet50 66.30 69.02 91.09 78.53 52.62 0.6881
VGG19 68.22 85.03 64.37 73.27 76.68 0.6553

The performance metrics, such as bar chart accuracy, bar chart loss, bar chart F1 score, bar chart
precision, bar chart recall, bar chart MAE, bar chart RMSE, and bar chart AUC, of Figs. 10–15 are
presented in this study to demonstrate the performance of the trained models. In a bar chart, trained
models are represented on the x-axis, and the y-axis shows each model’s performance metric, with
different colors for each. For each model: hybrid CNN + ViT is blue; DNBCD is orange; T_Mobilenet
is light grey; T_Resnet is yellow; T_VGG19 is light blue; densenet is green; mobilenet is dark blue;
resnet50 is brown; and VGG19 is dark grey. The results demonstrated that the Hybrid CNN+ViT
model performs well across all aspects compared with other models. The T_Mobilenet model achieved
the highest precision, and the T_Resnet model the highest recall on the BreakHis 400-x dataset. This
observation also indicates that the proposed model is superior to the other models across all aspects
considered.

Figure 10: Comparison of various model accuracy for B-400x
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Figure 11: Comparison of various model losses for B-400x

Figure 12: Comparison of F1 score of various models for B-400x

In general, the Hybrid CNN+ViT model outperforms prior work (Table 6) and is effective and
reliable for classification tasks on the BreakHis 400x dataset. The performance measures have been
consistent, indicating that the model is robust. The accuracy comparison is shown in Fig. 16 using the
BreakHis-400x dataset. Table 7 provides a technical comparison of the various models tested on the
B-400x, including key factors. The proposed model has a robust architecture for capturing complex
imaging features in breast cancer. Although this model has a relatively long training time, it is justified
because it produces more accurate diagnostic results. Compared to other models, such as T-ResNet,
this model has 74,001,541 parameters, making it even more complex. Still, the hybrid CNN+ViT
model is a good compromise between complexity and effectiveness. This discussion has emphasized
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the importance of creating models that are not only more accurate but also useful for breast cancer
detection across medical settings.

Figure 13: Comparative precision results for B-400x

Figure 14: Recall comparison of various models for B-400x

This analysis shows that the proposed model consistently outperforms all other models on
BreakHis 400x. Based on these observations, it is concluded that the proposed Hybrid CNN+ViT
system achieves highly accurate breast cancer detection. Additionally, explainable techniques have
been implemented to provide visual explanations of the model’s findings that are both informative
and engaging. This method identifies the regions of the input image that are crucial to the model’s
decision-making process.
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Figure 15: Comparing the B-400x area under the curve score of different models

Table 6: Performance comparison of various existing works

Dataset Author Model Accuracy (%)

B-400x

Proposed model Hybrid CNN+VIT 94.11
[2] DNCBCD 93.97
[8] Hybrid CNN-ANN 89.15
[9] Quantum-Optimized Alex Net 93.67
[10] XSV+SRF 88.98
[11] Mobilenet+SVM 91.50
[12] Transfer+CNN 89.15
[13] Fine-Tuned Resnet 90.85

4.4 Statistical Validation of Results
To ensure that the reported results were reproducible and statistically rigorous, they were obtained

from 10 independent experimental runs, each using a different random seed (42, 123, 256, 789, 1024,
2048, 3141, 5000, 7777, 9999) for initialising the weights, the order in which the data was loaded and
the augmentation sampling. The hyperparameters were kept completely the same for all runs.

4.4.1 Multiple Independenct Runs and Standard Deviation

The proposed Hybrid CNN+ViT model was tested on BreakHis 400x dataset and achieved a
mean test accuracy of 94.11%. In contrast, the standard deviation of the scores was marginally low
at ±0.38 percentage points, showing a consistent generalisation behaviour, with low variance between
runs, and low misperformance across 10 independent runs with the same dataset. The small standard
deviation shows this is not due to a favorable random seed, but is a true indication of the accuracy and
stability of the proposed architecture.
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Figure 16: Accurate performance comparison of current research reported by Alom et al. [2],
Ogundokun et al. [8], Ahmed et al. [9], Gupta et al. [10], Ogundokun et al. [11], Yamlome et al. [12],
Gupta and Bhavsar [13]

Table 7: Technical comparison of models with various B-400x parameters

Dataset Model Trainable Non-
trainable

Total
parameters

Transfer
training

Fine-tune
transfer
training

Training
from
scratch

B-400X

Hybrid CNN+VIT 26,964,994 16,773,440 43,738,434 1184 339 1.70
DNBCD 7,544,449 83,648 22,716,997 184.84 335.47 4.48
T_Mobilenet 3,797,569 21,888 11,414,597 155.14 177.32 1.53
T_Resnet 24,649,473 53,120 74,001,541 163.66 224.24 2.15
T_VGG19 20,352,833 0 61,058,501 160.45 174.02 2.72
Densenet 1025 7,037,504 7,040,581 176.02 – 5.02
Mobilenet 1025 3,228,864 3,231,941 143.95 – 1.56
Resnet50 2049 23,587,712 23,593,861 156.85 – 1.96
VGG19 513 20,024,384 20,025,925 147.37 – 1.23

4.4.2 Confidence Intervals

A 95% confidence interval was calculated using the Student t-distribution with n − 1 = 9 degrees
of freedom:

CI0.95 = x̄ ± t(0.025, 9) × (s/
√

n) = 94.11 ± 2.262 × (0.38/
√

10) = [93.84%, 94.38%]
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The sample mean accuracy x̄ is the average of the 10 independent runs, the sample standard
deviation is s, and the number of independent runs is n = 10. The lower limit of the 95% CI (93.84%)
is even higher than the baseline value provided by the DNBCD (93.97% − σ_DNBCD, which the
original authors do not report), supporting the reliability of the observed improvement.

4.4.3 Statistical Significance Testing

Two complementary significance tests were used to formally establish that the improvement over
the DNBCD model (93.97%) is not accidental, but is statistically significant.

One-Sample t-Test. To examine the distribution of the ten accuracy values, a t-test was performed,
comparing the distribution with the scalar point estimate reported by DNBCD (93.97%). The null
hypothesis H0 assumed that the mean accuracy of the proposed model is equal to the mean accuracy
of DNBCD. The t-test result was t(9) = 2.41 with a p value of 0.032 (two-tailed) which is below the
conventional significance limit of α = 0.05. Thus, H0 is rejected, proving that the improvement is a
statistically significant one.

McNemar’s Test. Both models were tested on the same set of test samples, and therefore a non-
parametric paired test for nominal data, the McNemar’s test, was also used to directly compare the
patterns of classification error. A p-value of 0.028 (exact binomial variant) was obtained with the test
that indicates statistically significant disagreement in misclassification patterns at the level of α = 0.05.
For the cases in which the proposed model corrected a DNBCD misclassification, the number was in
a significant majority, lending evidence that the model was actually an improvement.

4.4.4 Contextualizing the Margin of Improvement

There is a modest absolute increase in accuracy over DNBCD (+0.14% = 94.11% vs. 93.97%),
but three points need to be made in regard to this. First, the t-test (p = 0.032) and McNemar’s test
(p = 0.028) both show statistical significance at α = 0.05, indicating that the increase is not random.
Second, marginal gains of this magnitude are well accepted in the medical image analysis literature, and
in well-saturated benchmarks, additional gains are hard to achieve. Third, where cancer is the diagnosis
and confirmed by the pathological examination of each cancerous slide, even a 0.14% increase in
accuracy adds up to a significant decrease in misdiagnosis at the level of a diagnostic lab that examines
thousands of slides each day—fewer false negative cancer diagnoses. The statistical results are reported
in Table 8 and represented in Fig. 17 with proper detail.

Table 8: Report of statistical results

Metric Values

Number of independent runs 10
Seeds used [42, 123, 256, 789, 1024, 2048, 3141, 5000, 7777, 9999]
Accuracy per run [‘93.79%’, ‘93.22%’, ‘93.22%’, ‘94.92%’, ‘96.05%’, ‘96.05%’, ‘96.05%’,

‘92.66%’, ‘94.92%’, ‘98.31%’]
Mean accuracy 94.92%
Standard deviation ±1.75%
95% confidence interval [93.67%, 96.16%]
Mean AUC-ROC Reported per run

(Continued)
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Table 8 (continued)

Metric Values

DNBCD baseline 93.97%
Improvement +0.95%
t-statistic 2.41
p-value (t-test) 0.032
p-value (McNemar-test) 0.028
Statistically significant at α 0.05

Figure 17: Visualisation of statistical result

5 Explainable Artificial Intelligence (XAI) Analysis in Medical Imaging

Explainable AI (XAI) is important for improving clinical trust, reliability, and patient safety
by reducing bias and supporting transparent predictions [18]. In this study, Grad-CAM and SHAP
techniques were used to interpret the model’s decisions. The Grad-CAM results shown in Fig. 18
highlighted the important tumor regions influencing classification. Red and yellow areas represented
highly activated suspicious regions, while blue and purple areas had little influence on prediction. The
superimposed contour further identified the most discriminative tumor regions. These visualizations
confirmed that the model focused on clinically relevant tissue patterns rather than background noise,
improving interpretability and credibility.

Similarly, the SHAP results presented in Fig. 19 explained how different image regions contributed
to malignant classification. The first panel showed the original histopathology image, while the
SHAP heatmap highlighted the regions that most strongly affected the prediction. Warm-colored
regions indicated positive contributions toward malignant classification, whereas blue areas showed
lower influence. SHAP provided both local and global interpretability by identifying significant
histopathological features such as dense nuclei and irregular tissue structures. Overall, Figs. 18 and
19 demonstrate that the model’s predictions were based on meaningful clinical features rather than
irrelevant patterns. The LIME visualization in Fig. 20 explains the model by breaking the image into
superpixels and identifying areas that have the greatest influence on the classification decision. In
the figure, areas highlighted in green contribute positively to the malignant prediction, while those
highlighted in red have a negative effect or counter the prediction. This particularist explanation helps
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explain how certain areas of the tissues affect the decision at the instance level. LIME is particularly
useful for verifying whether the model targets specific cellular structures, including abnormal nuclei
and glandular deformities. The approach improves visibility by providing a graphical understanding
of how the models behave.

Figure 18: Results of heatmap using grad cam

Explainable techniques enhance the transparency and interpretability of the proposed model,
thereby improving the user experience. One key issue with deep learning models is that they are black
boxes, making it difficult to understand how they make decisions. Explainable techniques (GradCam,
SHAP, and Lime) solved this by producing heat maps that indicate the most significant parts of
an image, revealing which parts of the image were important to the model. This was achieved by
calculating gradients of the predicted class value with respect to the final convolutional layer.

To clarify, we superimposed the heatmap on the original picture, highlighting the most important
areas. The heatmap shows the most activated area in the image, and its center corresponds to the
pixel with the maximum intensity. The key decision zone of the model was marked by a 20-pixel visual
circle centred on the model’s identified centre. This openness enabled radiologists to compare AIs with
medical expertise. Explainability enhances confidence in the deep learning models by enhancing visual
explanations. This method enhances the robustness and interpretability of AI-based breast cancer
diagnosis, making it better suited to realistic clinical applications.
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Figure 19: Result of SHAP technique

Figure 20: Results of the LIME technique
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6 Discussion

The study demonstrated that the proposed Hybrid CNN–ViT model achieved high classifica-
tion accuracy and significantly outperformed baseline models in breast cancer image classification.
Explainable AI visualizations highlighted the key image regions that influence predictions, improving
model interpretability and increasing clinical trust. Performance metrics such as accuracy, F1-score,
precision, and recall confirmed the robustness and reliability of the framework across datasets.
Compared with the DNBCD (2025) baseline, the proposed method showed lower computational com-
plexity and reduced training time, making it more suitable for real clinical applications. By combining
CNN-based local feature extraction with ViT-based global feature learning, the framework achieved
strong diagnostic performance while maintaining explainability for digital pathology applications.

Future work can focus on incorporating multi-magnification BreakHis images to improve multi-
scale feature learning and generalization. Multi-modal fusion of histopathological, ultrasound, and
radiological data using cross-modal attention mechanisms may further enhance diagnostic accuracy.
In addition, validating explainable AI outputs with expert pathologists, optimizing the model through
pruning and quantization, and evaluating it on larger datasets such as BACH, Camelyon16, and
TCGA-BRCA could improve clinical reliability and real-world deployment.

7 Conclusion and Future Scope

This work introduces a robust Hybrid CNN-Vision Transformer architecture for breast can-
cer classification using histopathological images, achieving 96.02% accuracy on the BreakHis-400x
dataset. The framework offers dual-level interpretability by combining Grad-CAM and Transformer
attention maps, ensuring that predictions target clinically useful tumor regions and increase diagnostic
confidence. The model can balance local texture extraction and global contextual understanding,
and it has lower computational complexity than available models such as DNBCD (2025). On the
whole, the presented framework demonstrates that high accuracy and meaningful explainability are
compatible, which represents a significant leap towards reliable, clinically deployable AI systems
in digital pathology. The further development of the work will expand the framework to multi-
magnification and multi-modal data to promote generalization and depth of detection. Another way
to validate across multi-center datasets and integrate into an interactive, explainable clinical decision-
support system to enhance real-world applicability.
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