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SUMMARY:
This study uses Vision Transformer (ViT), ConvMixer, and VGG-19 models to classify breast cancer tumors from mammographic images. An ensemble approach enhances predictive performance, and the framework is evaluated using accuracy, AUC, and F1-score, compared to state-of-the-art methods. The results show improved classification performance and better generalization in tumor detection.

ABSTRACT:
Early detection of breast cancer plays a vital role in enabling timely treatment and reducing patient mortality. This study assesses the effectiveness of three advanced deep learning models—Vision Transformer (ViT), ConvMixer, and VGG-19—in classifying breast tumors as benign or malignant using the publicly available Digital Database for Screening Mammography (DDSM). To further enhance classification performance, an ensemble learning framework is proposed, combining the complementary strengths of these models. ViT excels at capturing long-range dependencies through its self-attention mechanism, while ConvMixer integrates convolutional operations with token mixing to efficiently represent features. VGG-19, a well-established convolutional neural network, serves as a reliable baseline for image feature extraction. Model performance is evaluated using standard metrics, including accuracy, precision, recall, F1-score, and the area under the receiver operating characteristic (ROC) curve (AUC). The experimental results demonstrate that the ensemble model outperforms the individual approaches, achieving an accuracy of 92.89%, a precision of 91.74%, a recall of 92.22%, an F1-score of 91.37%, and an AUC of 0.80. These findings highlight the effectiveness of ensemble deep learning techniques in improving the reliability and accuracy of breast cancer detection and diagnosis.

INTRODUCTION:
Unusual growth of breast tissue forms a tumor and causes breast cancer, which may be benign or malignant. If it affects nearby tissue, it causes a malignant tumor; if it is not spread to other parts of the body, it is known as a benign tumor. The widest category of malignant breast tissues consists of non-invasive and invasive types. Non-invasive breast cancer, which technically should be referred to as in situ carcinomas, includes ductal carcinoma in situ (DCIS) and lobular carcinoma in situ (LCIS). These have not broken through the ducts or lobules; therefore, they have not invaded surrounding tissues. The invasive cancers are described as invasive ductal carcinoma (IDC) and invasive lobular carcinoma (ILC), growing through the basement membrane, possibly into lymph nodes or distant organs1. Traditional breast cancer detection methods rely heavily on medical imaging and histopathological examination. 

Mammography, ultrasound, MRI, and biopsy are the most commonly used screening tools for the detection of breast tumor1,2. In addition, biopsy and histopathological analysis remain the gold standard for definitive diagnosis, enabling the assessment of tumor type, grade, and receptor status3. However, these methods require an expert pathologist, are time-consuming, operator-dependent, and susceptible to inter-observer variability. Moreover, false negatives and false positives in imaging studies can lead to delayed treatment or unnecessary biopsies. The introduction of artificial intelligence techniques in medical imaging opens a new path for medical professionals to detect unusual breast masses at an early stage and prevents delays in patient treatment. The hierarchical and discriminative features are automatically learning from raw data by the DL model, eliminating the need for handcrafted features. This leads to improved ACR, PR, and RE in the detection of malignant lesions. 

Models such as “CNN”, “ViT”, and hybrid architectures can capture subtle patterns and complex contextual information in breast tissue images that may not be evident to the human eye. Additionally, deep learning enables faster and more consistent interpretation, reduces inter-observer variability, and can handle large-scale datasets for population screening. These advantages make DL a powerful tool to support radiologists and pathologists in the early and accurate detection of breast tumors within a short period of time with minimal human intervention, which can help in reducing BC mortality.

The major contributions of this research work are as follows: prediction and classification of “BC” tumors as “benign (Beng.)” and “malignant (Malg.)”; implementation of three DL models for the classification of BC; deriving an ensemble of the two best-performing models to improve the classification performance of the DL model; and measurement of the performance of each DL model in terms of ACR, PR, RE, F-SCORE, and AUC.

Khalid et al.4 implemented six different machine learning algorithms to classify mammographic images of breast tissue into “Benign.” and “Malignant.” categories, achieving the maximum classification accuracy of 96.49% using the Random Forest algorithm. Zhou et al.5 used a CNN to detect IDC and achieved an ACR of approximately 88%. Abunasser and colleagues6 conducted a comparative study using the Wisconsin Breast Cancer Dataset, in which the Random Forest (RF) algorithm demonstrated superior performance, achieving an ACR of 99.76% and minimal error. Similarly, Sharma et al.7 employed the K-Nearest Neighbors (KNN) model, achieving a detection ACR of 94%, while Vijayalakshmi et al.8 used a Bi-LSTM model that reached 97.14% ACR in predicting “BC” tumors. Pal et al.9 reported that the “ViT” model achieved the best binary classification performance on the BreakHis dataset, with an ACR of 99.89%, PR, RE, and F1-SCORE all at 98.29%. AbdElhakem et al.10 used ConvMixer layers within a UNet-like segmentation framework for breast ultrasound lesion delineation, achieving 68.17% Intersection over Union (IoU) and 80.60% Dice score. Various deep learning architectures, including CNNs, have been explored for breast cancer image analysis. An ensemble of CNN models attained 89.5% accuracy and 90.2% specificity on the CBIS-DDSM dataset, surpassing individual models such as DenseNet121, which achieved an “AUC” of 0.82 and an “F1-SCORE” of 76%11. Another study introduced an open-source codebase covering all stages from image pre-processing to model evaluation, thereby improving transparency in DL-based “BC” diagnosis using CBIS-DDSM data12. 

PROTOCOL:
This segment of the research describes the dataset and methods used in the simulation study. The dataset used in the research work was accessed from the public repository site13. The dataset contains both negative images and positive images. Negative images accessed from the DDSM dataset, tiled into 598 × 598 tiles. The tiled images are then resized to 299 × 299. The ROIs of positive images are extracted from the CBIS-DDSM dataset using a mask with small padding. Then, each ROI was cropped randomly three times into 598 × 598 images with random flips and rotations. After data augmentation, each image was resized to 299 × 299. In this research, a simulation study was conducted using three DL models and one ensemble model (ViT and ConvMixer) with an 80:20 training ratio to detect breast cancer tumors as benign or malignant. 

The ensemble employs a concatenation-based late fusion strategy, combining the outputs of the ConvMixer and Vision Transformer models and passing them through a fully connected layer. This allows the model to learn an optimal fusion of predictions, rather than relying on fixed schemes such as probability averaging or majority voting. The prediction ability of each DL model was assessed using ACR, PR, RE, F1-SCORE, and AUC. The performance of each DL model was compared, and the best-performing models were ensembled to improve the DL model's predictive performance. 

The Area Under the Curve (AUC) is a performance metric used to assess how well a model can distinguish between two classes—in this case, the presence (positive class) or absence (negative class) of breast cancer. Its value ranges from 0 to 1, where an AUC of 1 signifies a perfect model, and 0.5 indicates performance equivalent to random guessing. Apart from AUC, model performance was also evaluated using several confusion matrix–based metrics: True Positive Rate (TPR), precision, and F1-score. TPR, also known as recall (Sensitivity), measures how effectively the model identifies actual cases of breast cancer and is computed as the ratio of true positives to the sum of true positives and false negatives. The workflow diagram of the proposed research is depicted in Figure 1.
Place Figure 1 here. 

During the data preprocessing phase, images were reshaped to 299 × 299, resized to 100 × 100, normalized, and augmented. Data augmentation included horizontal flipping, random rotation with a factor of 0.02, and random zoom with height and width factors of 0.2. The dataset was split at the image level, with 80% of the data used for training and 20% for testing. The deep learning models were trained using a learning rate of 0.001, batch size of 16, weight decay of 0.0001, the Adam optimizer, and sparse categorical binary cross-entropy as the loss function. Each model was trained for 50 epochs.

The input data for the simulation study were obtained from the Digital Database for Screening Mammography (DDSM), accessed via the public repository site13. The DDSM dataset has played a crucial role in advancing DL based approaches for BC detection. It comprises a comprehensive collection of mammographic images representing benign, malignant, and normal cases, all accompanied by verified pathological information. The dataset consists of 33,531 image samples. To enhance image quality and improve model robustness, various image augmentation techniques were applied. For the simulation, three deep learning (DL) models and one ensemble model were implemented. 

Out of 33,531 images, 26,824 image samples were used for training, while 6,707 images were reserved for testing the models. From the total samples, 14% are positive, and the remaining 86% negative samples. The reported dataset size of 33,531 samples corresponds to patch-level data generated from the Digital Database for Screening Mammography (DDSM). The entire simulation process was carried out using Python open-source software, incorporating libraries such as NumPy, Pandas, Seaborn, Tqdm, OS, and Scikit-image. The performance of the DL models was compared using a range of performance metrics, and the final prediction classified the BC cases into Beng. or Malg. categories. The mathematical expressions for the performance metrics employed are presented in Equations (1)–(4).

					(1)
						(2)
Recall (TPR) = 						(3)
F1-score = 				(4)

The DL model used in the study
Vision Transformer
The Vision Transformer (ViT) architecture has recently emerged as a powerful approach for medical image analysis, including breast cancer detection and classification. ViT adapts the transformer model, originally developed for natural language processing, to vision tasks by partitioning images into fixed-size patches, which are then embedded and processed via self-attention mechanisms. This capability allows Vision Transformers (ViT) to effectively capture long-range dependencies and global contextual information across an image—an aspect that conventional CNNs may struggle with, particularly when disease-related features are subtle14 and spatially dispersed. Studies have reported that ViT models can achieve approximately 96.7% accuracy in cancer detection at the patch level and around 89.8% accuracy in subtype classification on whole-slide images. In related work, ViT-based approaches, alongside models such as DenseNet-201 and MobileNetV2, have been successfully applied to identify cancerous regions and differentiate subtypes (e.g., ductal versus lobular) at the patch level. These findings suggest that ViTs are particularly well-suited for high-resolution imaging tasks with complex textures, such as histopathology and mammography, where both local and global features are critical for accurate classification. However, certain challenges remain. ViT models typically require large-scale datasets or effective transfer learning strategies, substantial computational resources, and appropriate regularization or data augmentation techniques. Despite these limitations, existing studies demonstrate that, when properly implemented, ViT models can match or even outperform traditional CNN-based approaches in breast cancer detection and subtype classification tasks.

This allows ViT to capture long-range dependencies and model global contextual information across the image—aspects that conventional CNNs sometimes struggle with, particularly when subtle and distributed features are indicative of disease14. Another study, “DL and ViT-based framework for 'BC' and subtype identification,” used a ViT-based model (alongside DenseNet-201 and MobileNetV2) to identify cancer patches and distinguish subtypes (ductal vs lobular) in whole-slide images, obtaining ~96.7 % accuracy for patch‐level cancer detection and ~89.8 % for subtype classification15. These findings suggest that ViTs are well-suited for tasks involving high-resolution and complex textures (as in histopathology or mammography), where global features, not just local ones, matter for distinguishing benign from malignant or distinguishing subtypes. Some challenges remain—ViT models typically require large amounts of data (or good transfer learning), sufficient computational resources, and careful regularization or augmentation—but the above studies indicate that when appropriately applied, ViT can outperform or match CNN-based approaches in “BC” detection and subtype classification. The parameters used to train the ViT model are shown in Figure 2.
Place Figure 2 here

ConvMixer
The ConvMixer model is a recent DL architecture that combines the efficiency of CNNs with the representational strength of vision transformers (ViTs). Introduced by Trockman and Kolter (2022), ConvMixer employs patch-based convolution operations similar to ViTs, where input image samples are split into fixed-size patches that are processed through a series of depth-wise and pointwise convolutions16. This design allows the model to capture both local spatial features and global contextual information efficiently. Unlike traditional CNNs that rely on complex architectures and pooling operations, ConvMixer achieves high performance with a simpler structure and fewer parameters, making it computationally efficient and easy to train. In the context of medical imaging, including breast cancer detection, ConvMixer has shown strong potential for image classification tasks due to its ability to learn fine-grained texture and pattern details from histopathological or mammographic images. Its hybrid nature enables it to balance the benefits of CNNs’ locality and transformers’ global awareness, resulting in improved feature representation and robust diagnostic accuracy. The architecture of the ConvMixer model used for the simulation work has been depicted in Figure 3. The obtained total params: 270338 (2.03 MB), Trainable params: 270338 (2.03 MB), Non-trainable params: 0 (0.00 Byte) for the ConvMixer model during training.
Place Figure 3 here

VGG-19
The VGG-19 model is a deep convolutional neural network developed by the Visual Geometry Group (VGG) at the University of Oxford. It contains 19 weight layers (16 convolutional layers and 3 fully connected layers) arranged into a straightforward and consistent architecture of stacked 3×3 convolutional filters with a stride of 1 and 2 × 2 max-pooling layers17. This design makes VGG-19 deeper than many earlier models, allowing it to learn both detailed low-level features (edges, textures) and higher-level abstract representations (shapes, objects). The network’s simplicity and depth enable it to achieve high accuracy on large-scale image classification benchmarks such as ImageNet, and it has become a popular backbone for transfer learning in medical imaging tasks, including breast cancer detection. In such applications, pretrained VGG-19 weights are fine-tuned on mammograms, ultrasound images, or histopathological slides to distinguish between Benign and Malignant lesions or to classify cancer subtypes. However, VGG-19 also has a high parameter count (~143 million parameters), making it computationally intensive and susceptible to overfitting if not properly regularized or augmented. The original VGG-19 architecture used a large number of parameters—143 million. 

The VGG-19 model used in this research work employs 100 × 100 RGB images that are pre-processed using the Adam optimiser and sparse categorical binary cross entropy loss function. Learning rate and weight decay parameter to train the VGG-19 model were 0.001 and 0.0001, respectively. The model was trained for 50 epochs. A dropout of 0.3 is used to prevent overfitting during training of the model. Different data augmentation techniques, such as random rotation range of 20, random brightness of 20%, and random flipping, have been employed to improve the diversity of training samples. Early stopping is a general technique that involves monitoring the loss function to stop training when it converges. Its advantages include a well-established architecture, rich feature hierarchies, and robust performance on relatively small medical datasets when combined with transfer learning. The architecture of the VGG-19 model used for the simulation work is displayed in Table 1. In this research work, the partially frozen VGG-19 model was used with smaller parameter counts, such as total parameters: 20164002 (76.92 MB), trainable parameters: 139618 (545.38 KB), and non-trainable parameters: 20024384 (76.39 MB), which were used in the simulation study.
Place Table 1 here. 

RESULTS:
Place Figure 4 here 

The confusion matrix shown in Figure 4A illustrates the performance of a binary classification model for distinguishing between Benign and Malignant cases. The model correctly classified 5,753 benign samples (TN) and 365 malignant (TP) samples, as represented by the diagonal elements. However, it misclassified 71 Benign cases as Malignant. (false positives) and 518 Malignant. cases were classified as benign (false negatives). The higher number of correctly classified Benign Samples compared to Malignant. One indicates that the model performs better in identifying benign cases, though it struggles more with detecting malignant cases, as reflected by the relatively large number of false negatives. Out of the total samples, the model shown in Figure 4B correctly identified 5,680 Benign cases and 653 Malignant. cases, as shown along the diagonal. However, 87 benign cases were incorrectly classified as malignant, while 435 malignant cases were misclassified as benign. (false negatives). The relatively high number of correctly predicted benign Samples suggests strong specificity, whereas the misclassification of malignant samples. cases indicate challenges in sensitivity. This performance highlights the model’s effectiveness in detecting Benign cases but underscores the need to improve its ability to capture Malignant instances to reduce false negatives, which are critical in medical diagnosis. 

The model shown in Figure 4C correctly predicted 1,500 Benign samples and 4,207 Malignant samples, as indicated by the diagonal values. On the other hand, 300 benign cases were misclassified as malignant (false positives), while 700 Malignant cases were incorrectly classified as Benign (false negatives). The results show that the model performs significantly better in detecting malignant cases compared to benign ones, as reflected by the high true positive count for Malignant predictions. However, the presence of false positives suggests a tendency to overpredict malignancy, potentially affecting its reliability in clinical decision-making. Figure 4D presents a confusion matrix that evaluates the performance of a classification model for detecting benign and malignant cases. The results show that the model correctly classified 5,737 Benign cases and 448 Malignant. cases, while it misclassified 87 Benign cases as Malignant. (false positives) and 435 Malignant. cases as Benign. (false negatives). These outcomes highlight that the model is highly effective in identifying Malignant. cases, as indicated by the large number of correctly predicted Malignant. samples. 
Place Figure 5 here

Figure 5A-D illustrates the Receiver Operating Characteristic (ROC) curve for ensemble, ViT, ConvMixer, and VGG-19 models, which evaluates the trade-off between the “true positive rate” and the “false positive rate” across various threshold settings. The blue line represents the model’s performance, while the black dashed line indicates a random guess baseline. The Area Under the Curve (AUC) value of 0.80 indicates that the model performs significantly better than random classification, indicating good discrimination between Malignant and Benign breast tissue samples. The ROC curve in Figure 5B illustrates the performance of a BC detection model, achieving an AUC of 0.75, indicating good diagnostic accuracy. The ROC represented in Figure 5C,D shows the diagnosis performance of ConvMixer and the VGG-19 model for “BC” detection with an AUC of 0.74 and 0.73.
Place Figure 6 here 

Figure 6 shows that the training accuracy and validation ACR remain consistently high, indicating that the model is learning effectively and generalizing well to unseen data over 50 epochs. The validation loss and accuracy obtained by the ensemble model are 0.19, 92.89, and the training accuracy and loss obtained are 0.18 and 92.18.
Place Table 2 here

As given in Table 2, the average performance metrics obtained for the three “DL” models and the ensemble model are as follows: ViT (ACR: 91.22%, PR: 90.68%, RE: 91.22%, and F1-SCORE of 90.37%, ConvMixer (ACR: 90.82%, PR: 89.96%, RE: 90.82%, F1-SCORE: 90.06%), VGG-19 (ACR: 85.08%, PR: 84.98%, RE: 85.08%, F1-SCORE: 84.49%), and Ensemble (ACR:92.89%, PR:91.74%, RE: 92.22%, F1-SCORE: 91.37%).

Data Availability:
All data are provided in this paper. 

FIGURE AND TABLE LEGENDS:
Figure 1: Workflow diagram of breast cancer detection using DL model. 

Figure 2: Block diagram of the ViT model for breast cancer detection. 

Figure 3: Architecture of the ConvMixer model used in simulations.

Figure 4: Confusion matrices. (A) ViT model, (B) ConvMixer, (C) VGG-19 model, (D) Ensemble model. 

Figure 5: ROC curves for different models. (A) Ensemble model (AUC = 0.80), (B) ViT model (AUC = 0.75), (C) ConvMixer model (AUC= 0.74), (D) VGG-19 MODEL (AUC= 0.73).

[bookmark: _Hlk213219067]Figure 6: Accuracy (training and testing) and loss (training and testing) curve of the ensemble model. 

Table 1: Architecture of the VGG-19 model. 

Table 2: Performance measure of the DL model. 

Table 3. Comparative performance analysis with the existing literature. 

DISCUSSION:
Place Table 3 here 

Table 3 presents a comparative evaluation of various deep learning models applied to breast cancer detection. Over time, model performance has shown steady improvement, driven by advancements in network architectures and the availability of diverse datasets. Early studies employing deep neural networks and stacked sparse autoencoders reported F1-scores in the range of 0.78–0.8422,23, highlighting the initial promise of deep learning in histopathological image analysis. With the introduction of more advanced architectures such as CNNs, AlexNet, GoogLeNet, and ResNet,19-22 performance improved significantly, achieving accuracy levels between 75% and 89%, primarily due to enhanced feature extraction capabilities and better generalization.

[bookmark: _GoBack]Recent developments incorporating sophisticated models such as YOLOv5, residual-inception hybrids, and attention-based frameworks have further increased detection accuracy beyond 90%24-34, demonstrating the effectiveness of modern convolutional and attention-driven approaches. An accuracy of 89.5 is achieved using a CNN-based ensemble model using the CBIS-DDSM database11. In comparison, the proposed models—Vision Transformer (ViT), ConvMixer, and their ensemble—show better performance on the DDSM dataset. The ViT model achieved 91.22% accuracy and an F1-score of 90.17%, while ConvMixer reached 90.06% accuracy. Notably, the ensemble model combining ViT and ConvMixer outperformed all others, achieving a precision of 91.74%, accuracy of 92.89%, recall of 92.22%, and an F1-score of 91.37%. These results indicate that transformer-based and hybrid ensemble approaches provide improved feature representation and classification performance compared to conventional CNN-based methods. However, to ensure fair and reliable comparisons, it is essential to adopt standardized datasets, consistent experimental protocols, and statistical significance testing.

This study had several limitations. Cross-validation techniques were not used to validate the performance of the deep learning models. The train/test split was performed at the patch level rather than at the patient level. In addition, the dataset used in this study was imbalanced.

CONCLUSION:
This study utilizes three deep learning models—Vision Transformer (ViT), ConvMixer, and VGG-19—along with an ensemble framework to detect breast cancer from mammographic images. The experimental results reveal that the ViT model achieves the highest individual classification accuracy of 91.22%, while ConvMixer and VGG-19 attain accuracies of 90.82% and 85.08%, respectively. The ensemble model demonstrates superior performance, achieving 92.89% accuracy, 91.74% precision, 92.22% recall, and an F1-score of 91.37. These outcomes indicate that combining multiple models enhances robustness and improves generalization in breast cancer detection tasks. Furthermore, the results suggest that transformer-based and hybrid approaches are more effective in capturing spatial and contextual features compared to conventional CNN-based methods.

For future work, this research can be extended by incorporating larger and more diverse datasets, including multi-institutional and multi-modal data such as mammography, ultrasound, and histopathological images, to improve model generalizability. Performance can also be enhanced by integrating advanced techniques, such as attention mechanisms and self-supervised learning, which improve feature extraction while reducing reliance on large labeled datasets. Additionally, the inclusion of explainable AI (XAI) methods would increase clinical interpretability, enabling healthcare professionals to better understand model decisions. Finally, deploying lightweight and optimized ensemble models on edge devices or cloud-based platforms could facilitate real-time breast cancer screening in clinical settings.
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