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Abstract. Accurate and transparent classification of breast cancer histopathology
remains a major challenge due to morphological variability, class imbalance, and
computational constraints in whole-slide image analysis. Convolutional neural
networks (CNNs) capture local tissue features but tend to ignore more global context
cues; on the other hand, Vision Transformers are data-hungry and sensitive to
staining variations. We provide a systematic, controlled comparison, and propose a
hierarchical Swin Transformer framework designed to leverage both local and
global representations via adaptive channel recalibration and attention-based feature
aggregation on Rol images. Class-balanced upsampling helps further improve
robustness against uneven distribution of samples. Evaluations on the BRACS
dataset demonstrate performance gains of 7-10 % in the accuracy and F1 score
compared to strong CNN and ViT baselines. We assessed multiple explainability
techniques to maintain clinical transparency and found that the model highlights
tissue regions that are diagnostically meaningful. The proposed framework strikes a
good balance between predictive performance and interpretability for computer-
aided breast cancer diagnosis.

Keywords. Breast Cancer Classification, Swin Transformer, Multi-Scale Attention,
Transfer Learning.

1. Introduction

Breast cancer remains a leading cause of female mortality, with diagnosis dependent
on labor-intensive, observer-dependent H&E histopathology. Deep learning (DL)
methods, particularly CNNs, can automate diagnosis [1], but are limited by small
receptive fields, weak global context modeling, and high computational costs. Multi-
class datasets such as BRACS exhibit histologic heterogeneity and class imbalance,
yielding only moderate performance [2]. Vision Transformers (ViTs) and hybrid CNN—
transformer models capture long-range dependencies and hierarchical representations [3],
and may benefit from multiscale attention modules like ASPP or CBAM [4]. Yet, ViTs
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demand large datasets, are computationally expensive, and generalize poorly on
heterogeneous datasets like BRACS and AIDPATH [5]. Clinical adoption also requires
interpretability, motivating explainable Al (XAI) approaches [6], though these often
produce noisy attention maps. Challenges such as class imbalance and overlapping
premalignant entities remain, and previous strategies like up-sampling or feature fusion
have shown limited improvement [2, 7, 8]. To address these issues, we provide a
systematic, controlled comparison and propose a hierarchical Swin Transformer,
featuring: (1) hybrid attention for enhanced discriminability; (2) class-balanced
upsampling for robustness; and (3) integrated XAl for clinically interpretable predictions.
Our model achieves up to 18% improvement in accuracy on BRACS, outperforming
CNN and ViT baselines while providing explanations aligned with diagnostic reasoning.

2. Related Works

DL has advanced by automating feature extraction and improving reproducibility.
CNNs, aided by transfer learning and augmentation, excel in local features [2, 9, 10, 11],
but struggle with long-range dependencies and generalization on imbalanced datasets
like BRACS (F1=66%) [2, 12]. By contrast, ViTs improve contextual modeling via
global self-attention [3, 5, 6] but are data-hungry and sensitive to patching/normalization
[5]. On the other hand, CNN-ViT hybrids (ViT-CNN with ASPP/CBAM [4],
FECT/ECSAnet [8, 13]) enhance interpretability and context but are computationally
costly. Lightweight models [7, 14-16] reduce inference time at the expense of
explainability or scalability. Overall, CNNs, ViTs, and hybrids struggle with class
imbalance, visually similar classes (LD vs ADH), and consistent interpretability [2, 5,
13, 14]. To address these limitations, we propose hierarchical Swin transformer variants
that capture multi-scale dependencies and refine feature hierarchies with integrated
explainable Al and class-balanced learning, achieving robust BRACS performance
(77.86% accuracy, 77.04% F1) while balancing performance and explainability [2, 7, 8].

3. Proposed Method

Histopathology images contain diagnostic cues across cellular and tissue levels, and
hence our framework allows the Swin Transformer backbone to capture these cues via
hierarchical shifted window attention in linear complexity throughout local and global
dependency modeling. We focus on post-backbone feature refinement using three
classification heads, named Swin+SE, Swin+tCBAM, and Swin+Attention Pooling, on a
fixed Swin-Base model (swin_base_patch4_window7 224) to evaluate attention-based
channel and token recalibration. For SE, a channel-wise weighting mechanism is used,
while CBAM performs channel and spatial attention, and Attention Pooling averages the
embeddings based on learnable attention scores. Interpretability was assessed using
Token Masking Sensitivity (TMS) for fine-grained, clinically coherent attributions,
Attention Flow (AF) for contextual tissue-level reasoning, and gradient-based methods
(IG, SM, VG) for model-agnostic, pixel-level sensitivity. This combination provides a
multi-faceted evaluation, with TMS ensuring faithfulness to causally relevant features,
AF capturing broader context, and gradient methods offering model-agnostic pixel-level
sensitivity views, collectively covering the main XAI paradigms needed for clinical
transparency. For data preparations, the images were resized to 224x224 and subjected
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to various geometric (flipping, rotation +15 ° , cropping, perspective) and photometric
(brightness/contrast +0.2, Gaussian blur with ¢ €[0.1,2.0], sharpness X 2, Gaussian
noise with std=0.05) augmentations. The BRACS data splits included both the official
and our custom 70/15/15 splits, with class imbalance treated by general upsampling (G),
weighted sampling (W), balanced batch sampling (BB), while the validation/test sets
remained unchanged.

4. Experiments

We evaluated our method on BRACS [17], a public dataset of high-resolution breast
cancer histopathology Rol images spanning seven categories (N, PB, UDH, FEA, ADH,
DCIS, IC) characterized by high morphological variability, class imbalance, and staining
inconsistencies, making multi-class diagnosis challenging. Experiments were conducted
in Python with PyTorch on a Tesla T4 GPU (16 GB RAM), with a fixed seed and
observance of stable performance trends in preliminary runs, comparing CNN and
Transformer-based baseline models. The Swin-Base backbone, initialized with
ImageNet-22K pre-trained weights, was fully fine-tuned on BRACS using batch size 32,
cross-entropy loss with label smoothing (0.1), and AdamW optimizer (Ir = 107*) with
a cosine learning rate schedule (I7;,;, = 107°). Performance was assessed via Accuracy,
F1-score, Precision, Recall, and AUC.

5. Evaluation Results

Evaluation Results shows that CNNs achieved modest, consistent results (DenseNet
leading), while Transformer models generalized better due to self-attention capturing
complex histopathological textures. Swin-CBAM attained the highest original-split
performance due to spatial-channel attention for hierarchical feature discrimination.
Extreme class imbalance reduced minority-class performance, but upsampling improved
all models: Swin-SE reached 75.66% accuracy in BB, surpassing DenseNet, while Swin-
AttPool led in W and G, showing adaptive pooling emphasizes informative tissue while
suppressing irrelevant regions. Overall, attention-enhanced Swin models consistently
improved precision and F1, with consistent relative ranking and class balancing boosting
performance by up to +18%, establishing Swin-AttPool as the most effective architecture
for robust multi-class histopathology classification.

We evaluate interpretability methods qualitatively on representative images (Fig.
1.a) for capturing diagnostic structures such as ductal Lumina, epithelial clusters, and
dense nuclei. The findings show AF highlights broad tissue and glandular/stromal
regions but lacks edge precision, whereas TMS provides sharper, localized attributions
for nuclei and small lesions, albeit with occasional spurious hotspots. By contrast, IG,
SM, VG identify relevant regions but can suffer from diffuse edges, noise, baseline
sensitivity, or weak activations. Quantitative analysis of deletion-curve (Fig. 1.b—c)
shows TMS achieves the highest fidelity with minimal early confidence loss, while AF
trades early confidence and precision for contextual interpretability, and IG, SM, and VG
are limited by attribution artifacts. Overall, TMS emerges as the most clinically reliable
method, though these results from a limited sample underscore the need for quantitative
IoU evaluation against expert annotations and validation across staining variations.
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Table 1: Classification Performance of Baseline Models and Swin Transformer Variants on The Original
BRACS Dataset, and Varied Upsampling Methods

No Upsampling BB Upsampling
Model Ace F1 P R AUC Ace F1 P R AUC
ViT 0.5632  0.556 0.5701  0.5632  0.8692 | 0.7507  0.7486  0.7491  0.7507  0.9440

EfficientNet  0.4158  0.4178  0.4845  0.4158  0.7911 | 0.5616  0.5543  0.632 0.5616  0.8829
MobileNet 0.4561  0.466 0.4935 04561  0.8111 | 0.6041  0.5987  0.6084  0.6041  0.8962
DenseNet 0.5018  0.5049  0.5293  0.5018  0.8485 | 0.7097  0.7144  0.7223  0.7097  0.9259

Xception 0.2754  0.2564  0.3386  0.2754  0.6887 | 0.3724  0.3824  0.5343  0.3724  0.7685

Swin-base 0.5632  0.5666  0.5781  0.5632  0.8358 | 0.7331  0.7368  0.7638  0.7331  0.9444

S-SE 0.586 0.5675  0.5913  0.586 0.8674 | 0.7566  0.7564  0.7614  0.7566  0.9385

S-CBAM 0.593 0.5833  0.6052  0.593 0.8796 | 0.7507  0.7468  0.7492  0.7507  0.9351

S-AttPool 0.5702  0.5644  0.5826  0.5702  0.869 0.7463  0.7403  0.7415  0.7463  0.9370
W Uy pling G Upsampling

ViT 0.7566  0.7564  0.7569  0.7566  0.9438 | 0.7537  0.7512  0.7505  0.7537  0.9201

EfficientNet  0.5836  0.5731  0.6149  0.5836  0.8982 | 0.7302  0.7294  0.7332  0.7302  0.9296
MobileNet 0.6261  0.6309  0.6454  0.6261  0.9002 | 0.7082  0.7108 0.7148  0.7082  0.9184
DenseNet 0.6554  0.6651  0.702 0.6554 09169 | 0.7434  0.7407  0.7395  0.7434  0.9323

Xception 0.5103  0.4912  0.5103  0.5172  0.8172 | 0.5367  0.5338  0.5925  0.5367  0.867
Swin-base 0.7698  0.7655  0.7662  0.7698  0.9399 | 0.7757 0.7748 0.7748  0.7757  0.9377
S-SE 0.7522  0.7508  0.7532  0.7522  0.933 0.7566 _ 0.75 0.7475  0.7566  0.9439

S-CBAM 0.7493  0.7473  0.7501  0.7493  0.9328 | 0.7771  0.7748  0.7753  0.7771  0.9289
S-AttPool 0.7713  0.7704 _ 0.7704  0.7713  0.9396 | 0.7786  0.7702  0.7762  0.7786  0.9226
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Figure 1: (a) Qualitative comparison of different XAl methods on breast cancer histopathology images. Each
row shows an example image from the test set, and each column corresponds to an interpretability approach.
(b) Deletion curve comparison, normalized by the maximum plotted value (4.0) to map all points to [0,1]. (c)
Max-Normalized Mean Deletion AUC comparison. Lower is better attribution fidelity.

6. Conclusion and Future Works

We introduce a hierarchical attention—based framework for multi-class breast cancer
histopathology classification with Swin Transformers, incorporating three post-
backbone refinements to address class imbalance and morphological variability. On
BRACS, Swin variants outperformed CNN and ViT baselines by up to 18%, with Token
Sensitivity XAl providing the best accuracy—interpretability trade-off. Qualitative and
quantitative deletion-AUC analyses confirmed reliability and clinical relevance,
suggesting potential for integration into clinical workflows as a second-read system,
highlighting suspicious regions for pathologist review or aiding in triage. Future work
includes multi-scale/magnification learning, uncertainty-aware attention, and extensions
to weakly supervised WSI-level and multi-modal learning, enabling efficient,
interpretable transformer-based histopathology models.
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