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Abstract
Breast cancer remains one of the leading causes of mortality among women worldwide, necessitating
early and accurate diagnostic methods to improve patient outcomes. This study presents a novel hybrid
approach for breast cancer classification by integrating Convolutional Neural Networks (CNN) with
Vision Transformer (ViT) architectures, specifically applied to the publicly available CBIS-DDSM
mammography dataset. The initial phase employs a CNN model, which excels in localized feature
extraction through convolutional layers, to identify key patterns related to benign and malignant tumors.
However, CNNs inherently focus on local features and may overlook broader contextual relationships
within the image. To overcome this limitation, the study introduces a hybrid framework that combines
CNN with the Vision Transformer model. ViT utilizes self-attention mechanisms to capture long-range
dependencies and global context, complementing the localized feature extraction capability of CNNs. By
integrating these two deep learning paradigms, the hybrid model effectively captures both fine-grained
local details and overarching structural patterns within mammograms. Experimental results indicate that
synergy results in an improved classification accuracy. The enhanced performance of the combined
CNN-ViT model underscores the potential of hybrid deep learning strategies in medical image analysis.
Moreover, this approach demonstrates robust generalization on the CBIS-DDSM dataset, which includes
diverse mammographic cases. The findings not only provide a pathway to more reliable breast cancer
detection tools but also contribute to reducing diagnostic burden and improving early intervention
strategies.

I. Introduction
Breast cancer continues to be a leading cause of death among women globally, highlighting the need for
early and precise diagnostic methods to enhance patient outcomes. Early detection is crucial to enhance
survival rates and reduce treatment burden, with mammography serving as the current clinical standard
for breast cancer screening. Mammography provides a non-invasive imaging modality through low-dose
X-rays, enabling visualization of breast tissue abnormalities such as masses and calcifications. Despite
its clinical prevalence, mammography interpretation is challenged by reduced sensitivity in dense breast
tissue and variability in radiologist assessments, contributing to false positives and negatives [1–3].
Recent advances in medical image processing and deep learning technologies have introduced
automated techniques that improve diagnostic accuracy and reduce human error in mammographic
interpretation. Artificial intelligence (AI)-based systems, particularly those leveraging Convolutional
Neural Networks (CNNs) and Vision Transformers (ViTs), have demonstrated significant promise in this
domain. These models facilitate automated feature extraction and classification, enhancing early
detection capabilities in breast cancer diagnostics [4, 5]. Automated detection systems based on deep
learning approaches, especially Convolutional Neural Networks (CNNs), have been extensively explored
for mammogram image analysis [6–10]. CNNs have demonstrated substantial success in extracting
hierarchical local features such as edges, textures, and shapes, crucial for identifying masses and
calcifications in breast tissue. The recent emergence of deep learning models, particularly CNNs, has
significantly enhanced the accuracy of ML-based CAD systems, bringing their performance to a level that
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is comparable to that of human experts. CNNs have revolutionized image analysis through their ability to
learn hierarchical visual features via convolutional layers. In mammography, CNNs excel at capturing
localized texture and shape features critical for distinguishing malignant from benign lesions. Multiple
studies corroborate the superior performance of CNN-based classifiers over traditional handcrafted
feature methods, achieving high accuracy in breast cancer detection. Transfer learning with pre-trained
architectures like ResNet50, VGG16, and InceptionV3 has been leveraged to improve classification
accuracy, achieving rates ranging from 81% to over 95% depending on dataset size and preprocessing
techniques [11]. An extensive study was conducted to develop a robust breast cancer detection system
using CNNs in [12] on the Mini-DDSM dataset, which included 1952 scanned film mammograms. Various
data quality factors and CNN architectures were explored, including Basic CNN, Fine-Tuned VGG19, Fine-
Tuned ResNet152, and Fine-Tuned ResNet50. The Fine-Tuned ResNet50 model emerged as the top
performer, achieving an accuracy of 97.54%.

A hybrid deep learning algorithm consisting of CNNs and stochastic gradients is used in [13] for the
detection of breast cancer, utilizing the Wisconsin Breast Cancer Database and the Curated Breast
Imaging Subset of DDSM, with an accuracy is 96% precision of 95%, a Recall is 95%, and an AUC-ROC
value of 0.96. An integrated framework combining fine-tuned ResNet50 CNNs and Explainable Artificial
Intelligence (XAI) was introduced in [14] for enhanced breast cancer diagnosis on the CBIS-DDSM
dataset, achieving a test accuracy of 76%. However, CNNs primarily focus on local receptive fields,
limiting their capacity to capture global image context which can be crucial in medical imaging. CNNs'
primary limitation lies in their localized receptive fields, which restrict their ability to encode global
contextual information across the entire image. This can impair detection of subtle patterns and spatial
dependencies important for discriminating benign from malignant lesions [11, 12, 15]. ViTs utilize self-
attention mechanisms to model long-range spatial dependencies and global image context, processing
an image as a sequence of patches rather than relying solely on local convolutions. This model has
recently achieved competitive or superior outcomes in medical imaging applications, including
mammographic analysis, by effectively capturing complex anatomical and contextual features. Its ability
to attend to distant image regions offers advantages in recognizing subtle pathological patterns
overlooked by CNNs. Vision Transformers (ViTs), adapting the attention-based transformer architecture
from natural language processing, offer a complementary approach by capturing long-range
dependencies and holistic image representations. Several studies have applied ViTs for breast cancer
image classification, often demonstrating superior generalizability and capturing global context better
than CNNs. However, ViTs generally require larger datasets for training due to their high parameter count
and lack of inductive biases present in CNNs, leading to challenges in medical imaging domains with
limited labeled data [16–21]. A semi-supervised learning framework based on the Vision Transformer
(ViT) was introduced and demonstrated to outperform CNN models across several classification
benchmarks; however, its application in breast cancer detection remains limited [22]. Reference [23]
integrates Vision Transformers (ViT) and Graph Neural Networks (GNN) to improve breast cancer
detection on the CBIS-DDSM dataset, achieving an accuracy of 84.2%. Also, [11] combines the strengths
of CNNs and ViTs for breast cancer detection, reaching 100% accuracy on the MIAS dataset and over
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99% accuracy on the DDSM and INbreast datasets. A framework has been developed in [15] that
integrates radiomics, deep imaging features, and RNA-Seq genetic data. By utilizing advanced
segmentation models such as Swin-UNETR and nnU-Net, along with transformer-based classification
using Vision Transformers (ViT), this framework achieved an accuracy of 96.17% and an area under the
curve (AUC) of 97.22%. Despite individual strengths, CNNs and ViTs exhibit complementary limitations in
breast cancer image analysis. CNNs provide strong local feature extraction but lack holistic context
modeling; ViTs deliver global context but may underperform on fine-grained texture details due to patch-
based decomposition. Table I provides a summary of recent methods, including their architectures,
datasets used, achieved accuracies, and noted advantages and disadvantages [11, 17, 23].

Hybrid approaches that integrate CNN and ViT architectures leverage these complementary strengths,
improving classification accuracy, robustness, and generalizability in breast cancer detection. This
synergy facilitates comprehensive modeling of mammographic images, fostering enhanced diagnostic
precision essential for clinical application. Combining an ensemble of Convolutional Neural Networks
(CNNs) and Vision Transformers (ViTs), or using feature-level aggregation, offers an intriguing model
design option that harnesses the strengths of both architectures. The foundational designs of CNNs and
ViTs are fundamentally different: CNNs use multiple filters to capture multi-scale features, while ViTs
focus on exploring the semantic relationships between pairs of tokens. By integrating these two
approaches, we may achieve superior performance compared to using either model alone [11, 22].
Recent work has proposed hybrid architectures that integrate CNNs’ localized feature extraction with
ViTs’ global attention mechanisms to harness the strengths of both methods. These models typically
use CNN layers to encode patch-level features followed by transformer modules to model inter-patch
relationships, improving classification robustness and interpretability. For example, studies testing CNN-
ViT hybrids on the DDSM dataset report accuracy improvements reaching above 99% on benchmark
datasets, notably exceeding CNN-only or ViT-only baselines[11].

Table I. A summary overview of recent methods for detecting breast cancer
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Method Dataset(s) Accuracy (%)

Multi CNN + Feature
Concatenation (BWM MCDM,
MI)

MIAS (augmented) 98.74

ResNet50 + SMOTE + FC

Layers

Custom Mammograms 99.00 (balanced), 90.00
(imbalanced)

Fine-tuned SWIN Transformer Not specified 99.9

Customized Dual CNN MIAS, INbreast, CBIS DDSM 98.78 (MIAS), 97.84 (INbreast)

CNN-ViT Hybrid (ResNet34 + 
ViT Tiny + Attention Fusion)

MIAS, INbreast, DDSM
(individually & combined)

100.00 (MIAS), 99.62 (DDSM),
99.49 (INbreast), 99.54
(Combined)

Shallow CNN CBIS -DDSM

INbreast

95.1%

87.8%

ViT + GNN CBIS -DDSM 84.2%

Research on methods that combine CNNs and ViTs has mainly concentrated on various datasets, rather
than the specific dataset used in this study. In contrast, their application to large-scale medical imaging
datasets, such as the CBIS-DDSM Mammography Dataset, has received less attention. This paper
proposes a hybrid CNN-ViT-based framework implemented in MATLAB for breast cancer detection on
the CBIS-DDSM dataset, leveraging the computational benefits of CNNs for local feature extraction and
the attention-driven global context modeling of transformers. The study aims to push detection accuracy
beyond current benchmarks while addressing challenges such as model interpretability, computational
efficiency, and dataset limitations, contributing to more reliable and clinical-applicable breast cancer
diagnostic systems. The remainder of this paper is organized as follows. Section II describes the
proposed hybrid Convolutional Neural Network (CNN) and Vision Transformer (ViT) architecture,
highlighting the integration of convolutional feature extraction with transformer-based global context
modeling. Section III provides an overview of the CBIS-DDSM mammography dataset, outlining its
composition, annotation details, and preprocessing procedures. Section IV presents the methodology
and implementation details of the hybrid model, including dataset preparation, transfer learning
configuration, and training setup. Section V discusses the experimental results and performance
evaluation, covering training analysis, confusion matrix interpretation, ROC–AUC evaluation, and
comparative performance with baseline models. Finally, Section VI concludes the paper by summarizing
the key findings, emphasizing the clinical implications, and suggesting potential directions for future
research.

II. Proposed Hybrid CNN and Vision Transformer Method
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CNNs have long been established as robust feature extractors, excelling in capturing local texture and
shape details through hierarchical convolutional layers. However, CNNs are inherently limited by their
local receptive fields and struggle to capture global contextual information, which may be crucial for
accurately distinguishing malignant tumors in complex breast tissue structures [23–25]. Vision
Transformers, inspired by the self-attention mechanism originally developed for natural language
processing, have recently gained traction in medical imaging due to their superior ability to model long-
range dependencies and global relationships within images. ViTs treat images as sequences of patches
and apply transformer blocks to learn contextualized representations that can capture spatially distant
yet semantically related regions, providing a holistic view of mammograms [24]. The proposed breast
cancer detection framework combines the strengths of Convolutional Neural Networks (CNNs) and
Vision Transformers (ViTs) to enhance the identification and classification of pathological patterns in
mammographic images. The hybrid method integrates CNN-based local feature extraction with ViT-
based global contextual modeling to leverage their complementary capabilities. Initially, convolutional
layers extract fine-grained local features such as edges, textures, and morphological structures. These
features are then transformed into patch embeddings and passed through a Vision Transformer module
that applies multi-head self-attention to capture global interactions across the entire mammogram. This
hybrid architecture thus simultaneously preserves detailed local information while contextualizing it
within the broader image, improving detection sensitivity and specificity [7, 25]. Transfer learning is
commonly employed to mitigate the limited size of medical imaging datasets like CBIS-DDSM by
initializing the network with weights pretrained on large-scale datasets such as ImageNet, then fine-
tuning on mammograms. This strategy enhances model robustness and generalization while reducing
overfitting risks [24]. Recent studies demonstrate that such hybrid CNN-ViT architectures outperform
standalone CNN or ViT models in breast cancer classification tasks, achieving higher accuracy and
better clinical relevance. Additionally, combining these models reduces computational complexity
compared to pure ViT approaches, enabling more efficient training and inference on high-resolution
mammograms [24, 26]. The proposed hybrid approach offers a promising solution that capitalizes on the
local feature extraction power of CNNs and the global contextual understanding of Vision Transformers,
addressing the complexities inherent in mammographic image analysis and advancing the state of the
art in computer-aided breast cancer detection. The hybrid CNN and Vision Transformer (ViT) model for
breast cancer detection involves careful design of model architecture, data preprocessing, and
augmentation strategies to enhance performance and generalization in mammographic image analysis,
as mentioned in the following.

A. Model Architecture

The proposed architecture integrates convolutional neural network modules with transformer-based
layers. The CNN part is responsible for local feature extraction, leveraging multiple convolutional,
pooling, and normalization layers arranged hierarchically to capture edges, textures, and localized
patterns in high-resolution mammography images. Features extracted by CNN are then split into fixed-
size patches and embedded into vectors that serve as input tokens for the Vision Transformer
component. The ViT employs multi-head self-attention mechanisms to model long-range global
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dependencies by attending across all patches simultaneously, enabling the system to contextualize
localized features within the overall breast anatomy [24–26]. The fusion of CNN and ViT aims to
compensate for each technology’s limitations: CNNs efficiently extract fine-grained details, while ViTs
overcome the limited receptive field of CNNs by modeling global contexts comprehensively. Transfer
learning techniques are commonly applied, using pretrained weights—often from large natural image
datasets such as ImageNet—to initialize networks, which are then fine-tuned on breast mammogram
datasets like CBIS-DDSM, addressing the challenge of limited medical imaging data [24].

B. Data Preprocessing

Preprocessing plays a vital role in model performance. Typical preprocessing steps include resizing
images to a consistent resolution, grayscale normalization or contrast enhancement (e.g., histogram
equalization), and artifact removal to reduce noise and standardize image quality. Mammogram images
often require lung field or background cropping to focus the model’s attention on relevant tissue regions.
Furthermore, pixel intensity normalization ensures stable training by scaling intensity values, commonly
to zero mean and unit variance or via min-max normalization [15, 24, 27].

C. Data Augmentation

Given the inherently limited size and variability of medical imaging datasets, data augmentation is
pivotal to improve model robustness and mitigate overfitting. Common augmentation techniques
applied to mammograms include random rotations, flips (horizontal and vertical), scaling, translations,
and contrast adjustments. Advanced augmentation approaches such as elastic deformations and
cutout/dropblock regularization have also been explored to simulate plausible anatomical variability and
occlusions, further enhancing the model’s generalization [7, 25]. The application of these augmentation
techniques during training artificially increases the diversity of the dataset, enabling the hybrid CNN-ViT
model to learn more invariant and discriminative features essential for accurate breast cancer
classification.

D. Training and Optimization

The model is typically trained end-to-end using gradient-based optimization algorithms such as Adam or
stochastic gradient descent with momentum. Loss functions frequently combine cross-entropy for
classification accuracy alongside auxiliary losses (e.g., Dice loss for segmentation) when relevant. Early
stopping, learning rate scheduling, and dropout regularization are employed to improve convergence and
prevent overfitting [25, 26]. By combining these carefully designed architectural decisions with rigorous
preprocessing and augmentation protocols, the hybrid CNN and Vision Transformer model achieves
enhanced sensitivity and specificity for breast cancer detection in mammography images, establishing
state-of-the-art performance benchmarks [25].

E. Evaluation Metrics
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Training and evaluating breast cancer detection models using mammographic images necessitate
rigorous procedures to ensure validity and generalizability of the results. Proper evaluation requires the
use of clinically relevant performance metrics combined with robust validation strategies like cross-
validation. Key metrics widely adopted for assessing breast cancer classification models include
accuracy, sensitivity (recall), specificity, precision, F1-score, and the area under the receiver operating
characteristic curve (AUC-ROC). Sensitivity reflects the model’s ability to correctly identify malignant
tumors, which is essential for minimizing missed diagnoses. Specificity expresses the model’s capability
to correctly identify benign or normal cases, thereby reducing false positives. The AUC-ROC metric
provides an overall measure of diagnostic discrimination across classification thresholds and is often
considered the gold standard in medical imaging assessments. For segmentation tasks, metrics such as
Dice similarity coefficient and Intersection over Union (IoU) assess spatial overlaps between predicted
and ground truth lesion boundaries [28–31].

F. Cross-Validation

Cross-validation is a fundamental technique to evaluate model generalization when available medical
data are limited. K-fold cross-validation, often with k values of 5 or 10, involves partitioning the dataset
into k subsets, iteratively training on k-1 folds, and testing on the held-out fold. This process averages
performances across iterations to reduce bias from specific train-test splits. Stratified cross-validation
further preserves class distribution within each fold, which is critical given the imbalance between
benign and malignant samples in mammography datasets. Such strategies enable realistic estimation of
model performance on unseen data, essential for clinical applicability [28, 31]. Model training involves
optimization using losses such as cross-entropy, with regularization techniques including dropout, early
stopping, and learning rate scheduling to mitigate overfitting. Data augmentation during training
increases sample diversity and robustness, simulating variations in imaging conditions and patient
anatomy. Transfer learning from large-scale image datasets is commonly used to improve convergence
and performance on smaller medical datasets [24, 29]. Combining appropriate quantitative metrics with
rigorous cross-validation frameworks provides reliable assessment of deep learning models for breast
cancer detection. These evaluation standards are vital to ensure reproducibility, comparability, and
clinical relevance of models, thereby advancing the deployment of AI-assisted diagnostic tools in
mammography [24, 29]. Figure 1 presents a flowchart description of the proposed hybrid CNN-ViT
model. This flowchart effectively encapsulates the end-to-end methodology of the CNN-ViT hybrid
system, demonstrating a modern framework that integrates both local and global image features for
enhanced breast cancer detection performance. The flowchart illustrates the sequential stages
employed in the hybrid CNN and Vision Transformer (ViT) architecture designed for breast cancer
classification using mammographic images. This structured pipeline is aligned with state-of-the-art
methodologies widely adopted in medical image analysis research [32]. The process begins with
acquisition of the CBIS-DDSM dataset, a curated collection of mammographic images with
comprehensive pathological annotations that serve as ground truth for model training and evaluation.
This dataset enables robust benchmarking of breast cancer detection algorithms [33]. Preprocessing
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encompasses standardizing image dimensions and intensities, as well as applying augmentation
techniques during training such as random rotations, translations, and reflections.

Such augmentations combat data scarcity and enhance model generalizability by simulating clinical
variability [34]. The preprocessed images are subjected to feature extraction through a convolutional
neural network, typically ResNet-50 pretrained on large-scale natural image datasets. CNN layers
hierarchically capture local texture, edge, and shape information critical for identifying suspicious lesions
at various scales. Extracted CNN features are then transformed into embedded patch tokens that form
the input to the Vision Transformer module. The self-attention mechanism within the ViT models long-
range dependencies and global context, complementing the inherently local receptive fields of CNNs
[35].

The hybrid integration stage combines local CNN features with the global contextual embeddings from
the ViT, producing a comprehensive representation that leverages both fine-grained and holistic image
information to improve classification fidelity[24]. The fused features are fed into classification layers
(often fully connected layers followed by softmax) to categorize mammographic images into benign or
malignant classes. This module is trained with categorical cross-entropy loss optimized via stochastic
gradient descent or adaptive optimizers.

Finally, the model undergoes rigorous evaluation using clinically relevant metrics including accuracy,
sensitivity, specificity, and area under the ROC curve (AUC-ROC). Validation techniques cross-validation
ensure robust performance estimation and mitigate overfitting risks.

III. CBIS-DDSM Dataset
The Curated Breast Imaging Subset of the Digital Database for Screening Mammography (CBIS-DDSM)
is an extensively curated and standardized dataset designed to support advanced research in breast
cancer diagnosis and computer-aided detection systems. CBIS-DDSM is a refined subset of the larger
Digital Database for Screening Mammography (DDSM), which contains thousands of scanned film
mammography studies encompassing diverse cases, including normal, benign, and malignant findings
with verified pathology data[13, 36].

The original DDSM dataset, while widely used, had issues with heterogeneous image formats, annotation
inconsistencies, and variable image quality, which posed challenges for reproducibility and usage in
deep learning applications. To address these limitations, CBIS-DDSM underwent a comprehensive
curation process involving image decompression, conversion to lossless DICOM format, artifact
removal, updated and consistent lesion segmentations, and detailed pathology-confirmed labels. These
improvements have made CBIS-DDSM a reliable and standardized reference for mammographic image
analysis[13]. CBIS-DDSM comprises over 2,600 mammography cases, each containing multiple standard
views such as craniocaudal (CC) and mediolateral oblique (MLO), representing a wide spectrum of
breast tissue characteristics. The dataset includes precise region-of-interest (ROI) annotations for
masses and calcifications, along with bounding boxes and verified BI-RADS and pathology labels, thus
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providing rich and diverse data for training and validating machine learning models[13, 37]. This dataset
has been widely adopted as a benchmark for developing and evaluating state-of-the-art algorithms,
including convolutional neural networks (CNNs) and transformer-based models, in the detection and
classification of breast cancer from mammograms. Studies leveraging CBIS-DDSM have demonstrated
significant improvements in diagnostic accuracy, segmentation quality, and clinical relevance,
underlining its critical role in advancing automated mammographic interpretation[38]. Furthermore,
CBIS-DDSM's publicly accessible nature and comprehensive annotations facilitate reproducibility and
standardized performance comparisons across different methods and research groups. This
transparency has been instrumental in pushing forward innovations in breast cancer detection and
forming an essential foundation for current and future deep learning approaches in medical imaging[37].
The CBIS-DDSM represents a cornerstone dataset in breast cancer imaging research, balancing scale,
quality, and detailed pathology-confirmed annotations, making it an indispensable resource for
researchers aiming at improving automated diagnostic tools and ultimately patient outcomes. Due to its
size and distinctive features, the CBIS-DDSM dataset has been chosen for processing in this study.

IV. Methodology: Implementation Details of the Hybrid CNN and
Vision Transformer Model
The proposed method integrates a pretrained convolutional neural network (CNN) architecture with a
custom-designed Vision Transformer (ViT)-inspired multilayer perceptron (MLP) to classify breast
cancer in mammographic images. The implementation is realized in MATLAB, leveraging transfer
learning, data augmentation, and a two-stage hybrid model training framework.

A. Dataset Preparation and Splitting

The images are imported using MATLAB’s image Datastore with label assignment based on folder
names, enabling automatic and organized dataset handling. The dataset is randomly split into training
(80%) and testing (20%) subsets to ensure unbiased evaluation and model generalization [33].

B. CNN Backbone: Transfer Learning with ResNet-50

The ResNet-50 architecture pretrained on ImageNet is employed as the CNN backbone. The input image
size is resized to 224×224×3 consistent with ResNet-50 requirements. Data augmentation during training
includes random rotation, horizontal and vertical translation, and reflection, aiming to simulate the
variability found in clinical mammograms and reduce overfitting [34]. The original fully connected layers
of ResNet-50 are removed and replaced with a new classifier matching the number of classes,
augmented with dropout to minimize overfitting risk.

C. Training Configuration

The CNN is trained with the Adam optimizer, starting with a learning rate of 0.001, using piecewise decay
to enhance convergence. Mini-batches of size 64 are used, with early stopping based on validation loss
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to prevent overtraining. GPU acceleration is utilized to reduce computation time.

D. Feature Extraction for Transformer-inspired Classifier

Following CNN training, features are extracted from the global average pooling layer, transforming high-
dimensional image data into informative compact representations. These features retain spatial and
semantic richness essential for subsequent classification.

E. Vision Transformer-Inspired MLP Architecture

Instead of a full Vision Transformer, a multilayer perceptron (MLP) is designed to simulate ViT behavior.
This classifier processes the CNN-extracted features through two fully connected layers with ReLU
activations and dropout regularization, followed by a softmax classification layer. This architecture
enables global contextual integration of locally extracted features while maintaining computational
efficiency.

F. Final Model Training and Evaluation

The MLP classifier is trained for 20 epochs with a mini-batch size of 32, using Adam optimizer and
validation monitoring for early stopping. The system’s final performance is quantified using classification
accuracy, with confusion matrices generated to analyze per-class predictions.

By combining a robust CNN feature extractor with a transformer-inspired classifier, this approach
effectively leverages local and global information for breast cancer detection, aligning with recent trends
in medical image analysis.

V. Performance Analysis and Evaluation of Proposed Model
A. Training progress analysis

The training progress for both the standalone CNN based on ResNet-50 and the hybrid CNN-Vision
Transformer model are presented in Fig. 2.

 

In Fig. 2-a, the CNN model training shows rapid early improvement in both training and validation
accuracy, reaching above 90% within the first epoch and maintaining validation accuracy around 96–98%
in subsequent epochs. The smooth decrease in training and validation loss indicates effective learning
with good generalization and minimal overfitting[39]. Such a performance aligns well with state-of-the-
art CNN models reported for mammogram classification reaching accuracies beyond 95%[40]. The
training accuracy and validation accuracy curves indicate steady convergence throughout the epochs,
culminating in a validation high accuracy. This suggests that the model effectively learns discriminative
features from the data, achieving excellent generalization to unseen samples. The close agreement
between training and validation accuracy, along with stable and decreasing loss values, signals minimal
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overfitting, a critical factor for reliable clinical AI applications [39]. Figure 2-b presents a completed
training process for a hybrid CNN-Vision Transformer model applied to mammographic image
classification, with validation accuracy approximately 99.24% achieved after the full 20 training epochs.
Training was conducted within approximately 6 minutes on a single CPU, with a fixed learning rate of
0.001 over 30 iterations per epoch. The validation accuracy stabilizes near 99% even early in training,
indicating the ViT module's ability to capture global contextual information and complement the CNN's
local feature extraction, enhancing classification precision. This improvement is consistent with recent
studies demonstrating that hybrid CNN-ViT architectures outperform traditional CNN-only approaches in
medical image analysis tasks[24]. Despite being trained on a single CPU, the model completed training
within a reasonable timeframe (~ 6 minutes), demonstrating efficient utilization of computational
resources. The choice of a fixed learning rate and early stopping criteria likely contributed to the smooth
optimization trajectory, minimizing instability and enhancing convergence [41]. The hybrid model
achieves higher accuracy (99.24%) compared to the standalone CNN (approximately 98.51%), signifying
the added value of integrating ViT embeddings for holistic image understanding. Such high validation
accuracy aligns with recent benchmarks in breast cancer classification using hybrid CNN-ViT
architectures, which balance local feature extraction and global context modeling to improve
performance beyond traditional CNN-only models [35]. This result is further supported by the literature
emphasizing the importance of rigorous validation and interpretability when adopting AI for critical
medical tasks.

Training loss converges to near-zero values, and validation loss remains low and stable, evidencing
effective regularization and optimization practices [42]. The employed data augmentation and dropout
can be credited for preventing overfitting despite the high model capacity [34]. These training logs
demonstrate high classification accuracy in breast cancer detection from mammographic images.
Accuracies approaching or exceeding 99% are impressive and suggest the model’s potential for
assisting clinical decision-making in breast cancer diagnosis. However, sensitivity and specificity
alongside confusion matrices should be analyzed fully to ensure robustness across benign-malignant
cases, as recommended by leading works in mammographic CAD systems [33].

B. Confusion Matrix Analysis

The confusion matrix in Fig. 3 provides detailed insight into the performance of the CNN - Vision
Transformer (ViT) model on classifying mammographic images into different magnification classes
(100x, 200x, 400x, 40x). The provided confusion matrix offers a comprehensive evaluation of a hybrid
Convolutional Neural Network (CNN) and Vision Transformer (ViT) model's performance on a multi-class
classification task. This matrix illustrates the model's ability to correctly classify instances across four
target classes: 100×, 200×, 400×, and 40×. The confusion matrix reveals that the hybrid CNN - ViT model
achieves remarkably high classification accuracy across the four magnification classes of
mammographic images, demonstrating the efficacy of combining local feature extraction and global
attention mechanisms for detailed breast cancer image analysis. The diagonal elements of the
confusion matrix (826, 797, 724, 792) indicate the number of correctly classified samples for each class
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(100x, 200x, 400x, 40x respectively), representing the true positives. These correspond to accuracy rates
exceeding 99% across all classes, with class-wise precisions ranging from 99.0% to 99.7%. Such
performance indicates exceptional model reliability in recognizing each magnification type with minimal
misclassification errors [43]. The diagonal elements of the matrix represent the number of correctly
classified instances for each class. Notably, the model achieves high accuracy across all classes, with
percentages such as 98.6% for the 100× class, 99.3% for the 200× class, 99.5% for the 400× class, and
99.7% for the 40× class. These figures indicate a robust performance in distinguishing between the
target classes. Off-diagonal values, which quantify misclassification, are minimal. Similarly low rates of
misclassification are observed for other classes, generally below 1%, signifying the model's robust
discriminative power.

Off-diagonal elements reveal instances where the model misclassified samples. For example, the 100×
class contains 4 instances misclassified as 200×, 2 as 400×, and 6 as 40×. For instance, only 6 instances
from the class "100x" were incorrectly classified (false positives in other classes combined), yielding a
false positive rate of 1.4%. Similarly, the 200× class has 4 misclassifications as 100× and 2 as 400×.
These misclassifications are minimal, suggesting that the model effectively captures the distinguishing
features of each class. Beyond accuracy, it's essential to consider other evaluation metrics derived from
the confusion matrix, such as precision, recall, and F1-score. These metrics provide a more nuanced
understanding of the model's performance, especially in scenarios where class imbalance or varying
misclassification costs exist. For instance, recall is particularly critical in medical diagnostics, where the
cost of false negatives can be substantia [44]. This high classification accuracy and low confusion
corroborate the advantage of combining CNN’s powerful local texture and edge feature extraction with
the ViT's self-attention-driven global context modeling. Such hybrid architectures effectively address
challenges inherent in medical image variability and high-resolution feature representation [11, 35]. The
nearly perfect classification results reduce the risks of diagnostic errors associated with image
magnification heterogeneity, supporting more precise histopathological assessments. High precision
and recall at each magnification level facilitate reliable downstream diagnostic decisions, essential for
early detection and treatment planning. Comparing the hybrid CNN + ViT model to standalone CNN and
ViT models can offer insights into the benefits of combining these architectures. Studies have shown
that ViTs can outperform CNNs in certain tasks due to their ability to model long-range dependencies
and capture global context [45]. However, CNNs are often more efficient in terms of training time and
computational resources. The hybrid approach aims to leverage the strengths of both architectures,
potentially leading to improved performance across various metrics. The confusion matrix serves as a
valuable tool in assessing the performance of the CNN + ViT hybrid model. While the high accuracy rates
are promising, further analysis using additional metrics like precision, recall, and F1-score is
recommended to gain a comprehensive understanding of the model's capabilities. Additionally,
comparing this hybrid model with standalone CNN and ViT models can provide insights into the
advantages of combining these architectures for specific classification tasks.

C. Analyzing ROC and AUC Results
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The Receiver Operating Characteristic (ROC) curve and the Area Under the ROC Curve (AUC) are widely
accepted performance metrics for evaluating the discrimination ability of diagnostic models in medical
imaging[46]. The ROC curve is a plot of the true positive rate (TPR, or sensitivity) versus the false positive
rate (FPR, or 1 – specificity) over all possible classification thresholds. The AUC is a scalar summary of
that curve, reflecting the probability that a randomly chosen positive example is ranked higher than a
randomly chosen negative example (i.e., more likely to receive a higher score) across all thresholds. In
practice, in the context of multiclass classification, one typically employs one-versus-all comparisons or
other generalizations of ROC/AUC for each class to assess individual class separability.

High AUC values are clinically significant because they reflect a model’s capacity for accurate
classification across a range of thresholds, balancing sensitivity and specificity effectively. Such model
performance can substantially reduce the rates of false positives and false negatives, which is critical in
breast cancer screening to minimize unnecessary biopsies and missed diagnoses[47]. The Receiver
Operating Characteristic (ROC) curve and the Area under the ROC Curve (AUC) are illustrated in Fig. 4
and are interpreted as follows. In this study, the hybrid CNN and Vision Transformer (ViT) model
demonstrated outstanding discrimination performance across different mammographic magnification
levels—40x, 100x, 200x, and 400x—with corresponding AUC values of 1.0, 0.999, 0.998, and 0.999,
respectively. These values indicate nearly perfect discriminative performance by the model across all
classes. The achieved AUC metrics also exceed the thresholds generally considered good to excellent in
medical imaging literature (AUC > 0.90), emphasizing the suitability of proposed hybrid CNN-ViT models
for integration into diagnostic workflows. Moreover, these results corroborate recent advances showing
that combining convolutional feature extractors with transformer-based global attention networks yields
superior classification accuracy compared to conventional CNNs alone [35]. An AUC of 1.000, achieved
for the 40x magnification class, represents perfect discrimination, indicating that the model correctly
ranks all positive examples above all negative examples without error [48]. This result corresponds to
perfect classification for that class; i.e., there exists a threshold at which all positive instances of class
40× are correctly identified with zero false positives. The near-perfect AUC values for the other
magnifications (above 0.998) highlight the model’s exceptional ability to distinguish between breast
cancer and non-cancer cases irrespective of image scale, showcasing its robustness and generalizability
[49].

The slight reductions in AUC for the other classes (0.999, 0.998, 0.999) still signify extremely high
discriminative ability. Conventionally, AUC values above 0.90 are considered “excellent” or “outstanding”
in many application domains, with diminishing returns as one approaches unity[48]. Because your AUCs
differ only at the third decimal place, this suggests that the model’s classification scores are nearly
perfectly separated for all classes. The small deviations from 1.0 likely stem from a handful of borderline
cases or noise in the data. In effect, the model is extremely successful in ranking instances of each class
ahead of all others, even before selecting a particular threshold. In conclusion, the reported AUC values
(1.000, 0.999, 0.998, 0.999) indicate that your CNN-ViT model achieves extremely strong discriminative
power in distinguishing each class, and outcomes affirm the method’s high discriminative strength
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across multiple magnification levels in mammographic imaging, reinforcing its potential clinical utility in
early and accurate breast cancer detection.

Conclusion
This study presented an enhanced hybrid deep learning framework that integrates Convolutional Neural
Networks (CNN) with Vision Transformer (ViT) layers for breast cancer classification using the CBIS-
DDSM mammography dataset. The CNN component effectively captured local and fine-grained image
features, while the ViT module leveraged self-attention mechanisms to model long-range global
dependencies across mammographic regions. By combining these two complementary architectures,
the proposed CNN–ViT hybrid model successfully balanced local texture representation and global
contextual understanding, addressing the inherent limitations of standalone CNNs in capturing global
relationships. Comprehensive preprocessing, augmentation, and cross-validation strategies were
employed to ensure model generalization and mitigate overfitting. Experimental evaluations
demonstrated that the proposed hybrid model achieved superior performance compared to conventional
CNN architectures, reaching an overall classification accuracy of 99.24% and near-perfect AUC scores
(1.000, 0.999, 0.998, and 0.999) across different magnification levels. These results confirm the
robustness and reliability of the model in differentiating between benign and malignant mammographic
images, significantly reducing the likelihood of diagnostic errors. The nearly perfect classification and
AUC performance highlight the potential of integrating transformer-based mechanisms with
convolutional backbones for medical image analysis. The hybrid CNN–ViT model not only advances
state-of-the-art performance on the CBIS-DDSM dataset but also demonstrates feasibility for clinical
deployment as a reliable computer-aided diagnostic tool. Future research directions include extending
validation to larger and more diverse clinical datasets, enhancing model interpretability through
explainable AI techniques, and optimizing computational efficiency for real-time diagnostic applications.
Ultimately, this work contributes to advancing intelligent mammography analysis systems that support
early detection and improved patient outcomes in breast cancer diagnosis.
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Figure 1

A flowchart description of the proposed hybrid CNN-VIT model.
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Figure 2

The training progress for both the CNN and the hybrid model
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Figure 3

Analysis of the Confusion Matrix and Performance of the Hybrid Model
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Figure 4

the ROC and AUC for the classes at magnifications of 40×, 100×, 200×, and 400×.
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