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Abstract 

Cancer is one of the most serious health challenges in the world and hence pathologists 

need accurate and clinically reliable diagnostic support. Even though deep learning algorithms 

have proven to be very effective in analyzing histopathology images, most of the models 

currently are not interpretable and prone to false negatives. In this paper, a hybrid CNN-

Transformer model detect breast cancer automatically and it combines the local and global 

contextual modelling of features to capture the complex tissue patterns. The standard 

preprocessing and augmentation approaches are used to make experiments on large-scale 

histopathology image dataset robust. Accuracy, precision, recall, F1-score and AUC-ROC are 

used to evaluate the proposed model, but the main focus of the model is on recall and reduction 

of false negatives. Grad-CAM and transformer attention maps as explainable AI methods are 

used to visualize regions of diagnostic interest to enhance model transparency and clinical 

trust. The experimental outcomes prove that the hybrid framework is more efficient in 

comparison to independent CNN and transformer models which provide a sensitive, reliable 

and interpretable solution to AI-assisted histopathology based breast cancer detection. 

Keywords: Breast Cancer Detection, Hybrid Deep Learning, CNN–Transformer, 

Histopathology, Explainable AI, Grad-CAM, Vision Transformer. 
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 Introduction 

Cancer is one of the main causes of death around the world and early detection plays 

an important role for increasing the survival of patients rates [1]. Histopathology of tissue 

samples is the improved standard in cancer diagnosis, but manual evaluation takes time and 

inaccurate with a significant risk of diagnostic variations. The increasing number of 

histopathology images in hospital requires development of automated and reliable diagnostic 

tools to help pathologists in making clinical decisions [8,9]. Convolutional neural networks 

(CNNs) demonstrated better results in the categorization of histopathology images by learning 

discriminating local variables such as local texture and cellular morphology [7]. However, 

CNNs have limitations in their capacity to explain long-distance spatial connections are 

required for modelling global tissue structure. Recently, self-attention-based transformer-

based architectures, particularly Vision Transformers (ViTs) [4] shows capable of modelling 

interactions among global environments. Transformer models also have limitations like 

inaccurate to capture local specific details are critical for effective cancer detection [15]. 

This issue explain deep learning models is an additional challenge to their deployment 

in clinical practice with performance limits. Particularly, False negatives have serious clinical 

impacts, which makes diagnostic systems must be accurate and transparent. ResNet-18 was 

assigned for its residual learning capabilities, better local feature extraction behavior, medium 

parameter size and shown stability on medical imaging tasks. Its convolutional inductive bias 

may capture effective fine-grained morphological characteristics in histopathology images, 

and it has effective computation [2, 3]. Furthermore, the proposed work is lightweight when 

it combines Vision Transformer's global historical modeling with the hybrid fusion 

architecture. This work shows a hybrid CNN-Transformer model for detecting breast cancer 

automatically to handle the challenges. The suggested methodology can achieve required 

accuracy, reduced false negatives and high accessibility by integrating equivalent local and 

global feature representation with explainable AI (XAI) methods [10] utilized to develop 

reliable clinical decision support [14]. 

 Related Work 

Deep learning has made major progress in automated histopathological image analysis 

to detect cancer [5]. Convolutional neural networks (CNNs) become popular to learn 

discriminative local features in tissue images and recently, transformer-based models have 
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been studied to learn global contextual dependencies [11]. Hybrid CNN-Transformer models 

have been shown to be better than the two representations as they are complementary [12]. 

According to recent studies, explainable AI (XAI) is critical in medical imaging to 

enhance transparency and clinical trust. Deep learning prediction interpretations in 

histopathology have been interpreted using techniques like Grad-CAM and attention-based 

visualizations [6]. Most of the current strategies are focussed with predictive accurateness and 

limited integration in terms of sensitivity and reduction of false negatives. This work reduces 

the limitations by providing a hybrid CNN-Transformer framework is improved with the XAI 

to detect breast cancer in a sensitive and interpretable way [13]. 

 Proposed Work 

The proposed system uses the local feature extraction of CNN and the global 

modelling of Vision Transformers (ViTs) automatically detect breast cancer using 

histopathological images that handle the limitations of current models. Figure 1 represents the 

hybrid architecture uses CNN to detect fine-grained structural and textural features. The 

transformers capture extended connections across tissues enable description for complex 

histopathological structures. A feature-level fusion method applied and the deep embedded 

representations of ResNet-18 and Vision Transformer combined to create single 1280 

dimensional representation. The CNN captures fine-grained morphological patterns and 

transformer represents the extended contextual interactions. This approach lacks the 

additional evaluation process and relevant data from both designs provide results with 

increased prediction of cross-cancer detection. 

This model is trained using cross-entropy and the Adam optimizer using learning rate 

of 1e-4 and a batch size of 16. The data augmentation helps to improve generalization. The 

evaluation performed on an NVIDIA T4. This system integrates explainable AI (XAI) 

techniques to increase clinical treatment and transparency. Grad-CAM trained using CNN 

feature maps and attention maps are compiled on the transformer to identify regions with 

increased impact on predictions. Visual explanation in real tissue patches focused on clinically 

significant values provides description of model's decision process and support pathologists 

in evaluation the results. 
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Figure 1. Architecture of Proposed Model 

The histopathological image inputs standardized, modified and improved using data 

modifications like rotation to enhance the model stability and generalization. The hybrid 

model is trained with cross-entropy and evaluated from freely accessible dataset like 

Histopathologic Cancer diagnosis (~220,000 labeled patches) [16] to examine recall and 

reduce false negative for early cancer diagnosis. The proposed system improves CNN and 

transformer models for accuracy and accessibility to create high synchronization of attention-

based interpretations with histopathological structures. The system provides a reliable and 

clinically accessible method of identifying breast cancer includes both local and global 

representation using XAI for major limitation of existing automated techniques. 

 Experimental Results and Analysis of Hybrid Approach 

The hybrid CNN-Transformer model performs better than traditional CNN and 

Transformer models in the evaluation process. It has an accuracy of 97%, precision of 96%, 

recall of 97%, F1-score of 97% and an AUC of 0.9955 represented in fig 2. 
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Figure 2. Results of Hybrid Approach 

The balance in recall and precision shows the efficient reduction of false positive and 

false negative is important for early detection of cancer. Figure 3 represented the confusion 

matrix. This model demonstrates better and balanced results with large number of accurate 

non-cancerous (22,815) and cancerous (22,986) samples. It has reduced false positives (748) 

and false negatives (577) ensures with high specificity and reliable method. 

 

Figure 3. Confusion Matrix 

The balanced distribution of errors is effective in combining the local feature 

extraction in ResNet-18 with global contextual modelling in ViT. This hybrid model reduces 
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the misclassification for both classes and useful in clinical decisions compared to the standard 

CNN or transformer-based models. This model has an average inference latency about 10ms 

per image on GPU hardware and delivers real-time performance. 

 Explainability (XAI) Analysis 

The quantitative analysis demonstrates the proposed hybrid CNN-Transformer model 

required for clinical reliability and acceptability involving automated histopathological 

analysis. Explainable Artificial Intelligence (XAI) methods are used to present and explain 

the regions for model predictions. CNN ResNet-18 based model using Grad-CAM presents 

the discriminative local features and the attention maps are produced using Vision 

Transformer (ViT) to determine global contextual dependencies. In this hybrid model, the two 

mechanisms of explanation combined to provide a comprehensive and detailed graphical 

representation. Table 1 illustrates the result analysis of XAI. 

Table 1. XAI Analysis 

Original Image 
ResNet-18  

(Grad-CAM) 

ViT  

(Attention Map) 

Hybrid (Grad-CAM 

+ Attention) 

    

    

The XAI analysis of ResNet-18 indicates the model is localized, connected with 

cellular morphology and has texture patterns include nuclear edges and tissue microstructures. 

This indicates the local features are effective, distributed spatially represents the rate of false 

negative when using quantitative evaluation. The ViT attention maps have a significant tissue 

region shows extended contextual effects are modelled accurately. The global attention 
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directed at non-discriminative domains as per the increased false positive rate with the 

transformer based models. 

The proposed model produces the explanations are informative and interpretable by 

clinician and it uses the combination of accurate local activation per image basis using Grad-

CAM models and widely consistent patterns of attention on global scale using the transformer 

branch. The identified areas have increased diagnosis used histopathological structures and 

provide both contextual and spatial awareness. This model also achieves better classification 

accuracy, transparency and confidence confirms applicability for reliable clinical decision 

support. The quantitative analysis of XAI was conducted with the help of disturbance-based 

accuracy measurements (inserting and deleting of AUC) access the degree of variation of 

predictions in salient regions are systematically changed. When the regions removed, the 

decreased large probability shows the explanations are the fundamental cause of decision-

making. 

 Conclusion 

In this proposed work, the hybrid CNN-Transformer model detects breast cancer from 

histopathology images automatically reduces the major limitations of previous system 

developed by deep learning provides reliable and interpretable results. The proposed method 

achieves improved capturing of complex histopathological patterns and reduces false 

negatives due to integrating CNN-based local feature extraction with transformer-based 

global contextual modelling. The explainable AI (XAI) features such as Grad-CAM and 

transformer attention maps integration provide clinical visual explanations related to 

diagnosing important tissue regions. In this experimental study, the hybrid model achieves 

high performance in different evaluation measures like recall and AUC used in early cancer 

detection. This model also provides sensitive, interpretative and clinically reliable solution 

for AI-based histopathological analysis. 

 Future Work 

In future, the proposed model can be implemented in a real-time decision making 

situation. It develops the model into flexible or web-based diagnostic platform to access it on 

online, scalability and processing large amount of histopathological images effectively. 

Quantization, sorting and hardware-aware augmentation process are some of the model 
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optimization methods evaluated to decrease the complexity of computations and time taken 

for inference process implemented on resource-constrained clinical systems. The further work 

aims to implement system validation with the help of predictive clinical data and real-time 

feedback provided by user pathologists to examine robustness, usability and clinical impact 
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