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ABSTRACT: In the era of artificial intelligence, pattern recognition techniques have become fundamental in advancing
medical image processing, diagnosis, and automated disease classification systems. Among various clinical challenges,
breast cancer is the second most dangerous leading cause of death in women worldwide. Early and accurate detection
of breast cancer is crucial to develop advanced diagnostic methods to control further loss or reduce mortality
rates. This study proposes a dynamic graph multi-scale network for breast cancer diagnosis, integrated with multi-
scale convolutional feature extraction, a squeeze-and-excitation block, and a graph convolutional network to jointly
model local spatial features and global contextual dependencies. To mitigate the limitations of the dataset, this
work incorporated mammography-based augmentation techniques to enhance the datasets and also a synthetic
minority oversampling technique to generate samples to balance the class and enhance model generalization. Several
experiments are performed using large MIAS, INbreast, and DDSM mammogram datasets with an RTX-3080 GPU
with hold-out split and cross-validation methods. Experimental results demonstrate that the proposed model achieves
a 3.99% improvement compared to pretrained models, indicating its effectiveness in handling complex mammographic
patterns. The approach achieves (0.9866–0.9943) accuracy with a confidence interval of 0.95 and 0.9882 ± 0.0048 mean
precision. The results demonstrate that the proposed approach significantly outperforms pretrained and existing models
in terms of key performance metrics. Additionally, Grad-CAM is used to provide visual explanations, highlighting
clinically relevant regions. The work demonstrates that the proposed approach performed more effectively in disease
detection, offering transparent decision-making support, and enhance imaging-based screening techniques.
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1 Introduction
Breast cancer is one of the most prevalent chronic diseases among women. Every year, the disease claims

the lives of millions of individuals and diagnoses millions more with breast cancer [1]. In 2022, breast cancer
resulted in 670,000 fatalities worldwide. Women account for nearly half of all breast cancer cases, with their
age and gender being the only known risk factors for the disease. breast cancer was the most prevalent cancer
type in 157 of the 185 countries that had a female population, and on a global scale, it affects individuals [2].
Even though the frequency of cancer-related fatalities has decreased as a result of routine mammography
screening, early detection and therapy remain essential for reducing the number of such deaths [3,4]. Early
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detection and treatment of breast cancer can significantly reduce the mortality rate. Mammography is one
of the most effective methods for early detection of breast cancer [5].

For breast cancer, gender is the most significant risk factor. However, only 0.5%–1% of men receive
a diagnosis, while 99% of women receive it. Male breast cancer patients must follow the same treatment
guidelines as females. Age, obesity, heavy alcohol use, radiation exposure history, personal or family
history of breast cancer, reproductive history, cigarette smoking, and postmenopausal hormone therapy all
contribute to cancer risk. Being female and over 40 are the only known cancer risk factors for women.
These factors account for approximately 50% of cancer cases. Malignant small cancer without lymph nodes
is more likely to respond to treatment. Breast cancer may spread to other organs and tissues, causing
additional symptoms [6,7]. Researchers are specifically concentrating on biomedical imaging to aid proficient
radiologists. Early identification of cancer is critical for cancer diagnosis and analysis. Researchers have used
many biomedical imaging techniques to diagnose cancer. Radiologists have challenges in identifying regions
of concern or malignancy among the multitude of images [8]. Therefore, radiologists want an automated
solution that can effectively reduce their workload [9,10].

1.1 Problem Statement
For medical professionals, the existing screening procedures for breast cancer are labor-intensive,

expensive, and time-consuming as well. From an image processing standpoint, diagnosing cancer auto-
matically and reliably is a challenging problem. Mammography visuals are large and complicated, which
is an additional challenge. The following factors impact the development of therapies: the inability of deep
learning models to generalize in complex, real-world medical datasets; the ethical and legal limitations on
data sharing; the scarcity of labeled high-quality datasets; and emerging limits. Therefore, it is critical to
diagnose cancer as soon as possible and to start an appropriate kind of therapy. The primary rationale for the
necessity of a robust screening program and automation in cancer diagnosis is as follows: It may take many
months to diagnose cancer manually, and even in its early stages, survival may not be feasible if the disease
spreads beyond the designated region. This emphasizes how important it is to have a trustworthy automated
method for detecting cancer.

1.2 Contributions
The primary goal of this research endeavor is to persuade pathologists and medical professionals, who

are experts in their respective fields, to use automatic methods for accurate breast cancer diagnosis and
evaluation. Here are some of the contributions made to this research endeavor.

• This study proposes a dynamic graph multi-scale network for breast cancer that combines multi-
scale convolution, squeeze-and-excitation, and a graph convolutional network to capture local and
global features.

• This study introduces a graph-based representation of feature maps, treating spatial regions as nodes
and learning their relationships via a similarity-based adjacency matrix for long-range interactions.

• This study utilized three breast mammography datasets, MIAS, INbreast, and DDSM, for robust
experimentation, demonstrating strong generalization and consistent performance.

• A class imbalance-aware training strategy is employed using the synthetic minority over-sampling
technique (SMOTE) and also incorporates a range of augmentation techniques to enhance the
training data.

• The study incorporated a comprehensive evaluation strategy, including a holdout split and cross-
validation experiments, to assess the generalization of the proposed mode.
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• The comparative analysis with pretrained models and with the existing work was also incorporated to
validate the proposed approach’s performance.

• An explainable AI (XAI) analysis is incorporated using Grad-CAM to generate class-discriminative
localization maps, enabling visual interpretation of model decisions.

The rest of the paper is organized as follows; Section 2 presents the literature work for cancer detec-
tion, Section 3 describes the materials and methods, Section 4 discuss the experimental results and Section 5
concludes the study.

2 Literature Review
Several authors employed deep learning (DL) and machine learning (ML) models for the classification of

breast cancer using mammography datasets. Jayandhi et al. [11] employed SVM to construct a deep learning
architecture (DLA) capable of effectively identifying breast cancer. It integrates the concepts of DLA and
SVM. In real-world applications, like medical image diagnosis, the visual geometry group (VGG) softmax
layer assumes that the training samples were all from the same class. There was insufficient evidence to
support this assumption. DLA often requires a large number of samples and also uses data augmentation.
They build a VGG model with several SVM kernels to categorize mammograms. The findings show that the
VGG-SVM model had outstanding potential for correctly classifying mammogram from the MIAS database.
Gnanasekaran et al. [12] demonstrated the efficacy of convolutional neural network (CNN) in breast mass
classification in medical image processing. The authors also compared the results to contemporary ML
techniques, such as the k-nearest neighbors (kNN) algorithm. The investigations used three sets of data. The
model applied for this proposal achieved accuracy scores of 91.44% for the MIAS dataset.

Karthiga et al. [13] presented two unique methods, the first method utilizes the transfer learning
method and the second method includes creating neural networks and tuning the hyperparameters to
get a better performance. The results show that the proposed method had successful results for MIAS
(94.95%), DDSM (99.39%), INbreast (96.53%), and the consolidated datasets (92.27%). To demonstrate the
effectiveness of the new method, compare the proposed method results to previously used methods. The
authors employed mammograms to detect breast cancer using DL. The DL model was used to remove noise
from mammography images and adaptive fuzzy-based median filtering (AFF) as a preprocessing method.
The authors validated the diagnostic results of the method using the Mini-MIAS and DDSM datasets. On
the Mini-MIAS dataset, the model had an overall good accuracy rate [14]. The main purpose of research [15]
was to determine how well the DL architecture for mammography performs using the MIAS and DDSM
datasets. The techniques outlined in this study could effectively separate the cancer zone in an abnormal
mammography sample from other regions based on significant testing findings.

Yaqub et al. [16] had successfully developed and validated an accurate DL-based breast cancer detection
system. For the compilation of the images, the architecture could be durable and efficient against benchmark
dataset. Their methodology made significant improvements to create a novel design that integrates ResNet,
UNet, and transformer blocks. Customized method was used to optimize the suggested technique and
applied effective segmentation process. In another work presented by Zafar et al. [17], performed segmen-
tation on breast cancer using encoder-decoder method leveraged with multi-cascade convolutional block
attention module. The ensemble model was developed by the Das et al. [18] to detect the breast cancer
utilizing gene expression data and breast histology. Three CNNs were used as main classifiers after data was
decomposed using variation mode decomposition and an empirical wavelet transform. Hussain et al. [19]
introduced a technique to distinguish between benign and malignant pre-segmented breast anomalies in
mammography. Their accuracy rate reached 88%. In their study, Alkhaleefah et al. [20] shown that the overall
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performance and accuracy of pre-trained networks for breast cancer classification were improved by using
a unique technique known as double-shot transfer learning.

Kanya Kumari and Naga Jagadesh [21] used feature selection strategies in order to improve the overall
performance of classifiers. With regard to the identification of MiAS mammography images as either
normal or abnormal, the XGBoost framework displayed greater performance when compared to alternative
strategies for selecting features. Yemini et al. [22] discovered that the majority of deep neural networks
trained on real images display similar characteristics. The initial characteristics don’t appear to rely on the
specific data set. The suggested technique achieved a mean accuracy of 97.49% when using the DDSM,
INbreast, and MiAS datasets. They developed a portable texture CNN methodology for classifying screening
mammography, which outperforms earlier techniques [23]. The model exhibited outstanding performance
in the detection task, with an accuracy rate of 93.0% and an area under the curve (AUC) of 98.6% in the
study [24]. Jafari and Karami [25] utilized a unique model for accurate classification of breast cancer; their
approach incorporated multiple pre-trained models for the extraction and selection of features. Then they
applied ML models for classification and achieved impressive results.

Aldawsari et al. [26] presented dual hybrid framework for breast cancer classification, combined
the swin transformer and dual-attention. They employed generative adversarial networks (GAN) based
augmentation method to handle the class imbalance. Ahmed et al. [27] proposed a DL framework that
used multi-scale vision transformer for feature extraction. Harris hawks optimization was employed for
feature selection, and ML-based XGBoost was utilized for classification. Another work [28] developed a
unique neighborhood attention transformer for analyzing masses for breast cancer classification through
mammography and a shearlet transform to improve feature extraction. The authors combined the CNN
and vision transformer in study [29] to improve breast cancer classification accuracy, and the images
were enhanced using contrast limited adaptive histogram equalization. Alzamil et al. [30] presented a
comprehensive analysis of breast cancer classification using multi-modal and explainable AI techniques for
performance improvement. The segmentation-based approaches have also been widely explored in breast
cancer analysis, as study [31] presented a multi-scale parallel feature calibration model for better performance
against different modalities, including mammography. Literature review analysis and their limitations is
illustrated in Table 1.

Table 1: Literature review analysis and their limitations.

Study Objectives Limitations

[12]

To assist radiologists in classifying mass
lesions, this endeavor proposes to develop a
automated method. Handle large datasets

and reduce the number of layers required for
reliable classification.

The approach demonstrated a modest AUC
score of 0.85 for a single dataset and had
subpar performance when applied to the

INbreast dataset, also lack of explainability.

[13]

The author utilized DL models for enhancing
the precision of breast cancer classification.
Various enhancement techniques were used

to enhance the image.

The authors meticulously adjusted the
parameters, carried out tests using distinct
datasets, and then merged all the datasets.
However, the combined results showed a

decrease in performance.

(Continued)
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Table 1 (continued)

Study Objectives Limitations

[19]

There has been more interest in studying the
best ways to combine different image

enhancement techniques for natural image
endeavors than in finding the best medical

image enhancement techniques.

The research did not include sufficient and
thorough experiments, nor did the authors

compare the improved data with the original
or address the effects. Despite this, the

authors used eight distinct augmentation
approaches.

[20]
They employed the transfer-learning-based
technique known as “double-shot” to make

model strong for cancer classification.

The proposed technique is too complex, did
not used interpretability of the model, and

limited generalization.

[22]

This research is aimed to identify mass from
mammography data. They introduce a CNN

technique that leverages Google’s
Inception-V3 architecture and transfer

learning about representations.

The proposed method performed poorly,
with ROC curve values of 0.78 and 0.86 for

artificially produced mammograms and
enhancement, respectively.

[25]

The purpose of this study is to use several
pre-trained methods to extract diverse

attributes from various perspectives, enhance
features, used multiple datasets, and deep

feature fusion.

A small number of features were chosen
from the mammography datasets; as a result,

there’s a chance that some crucial
information was overlooked and that the

accuracy level attained was poor.

[26]
They used swin transformer-based

dual-attention multi-scale fusion network for
breast cancer classification.

Lack of explainability, limited generalization,
and high computational time for GAN based

augmentation.

[29]

To improve the classification performance
for breast cancer using a combination of

CNN and vision transformer with
mammogram data.

Moderate performance, lack of
interpretability to understand feature

representation, and high computational cost.

3 Methodology
This section presents the overall framework for the proposed methodology that consists of three

mammography breast image datasets, preprocessing for the effective model, hold-out split, performing
augmentation on train data, and also using a synthetic method to generate samples to balance the train
data, then developing the model for cancer classification. Next, different experiments are performed, and
the model is evaluated with key performance metrics. Also, include the explainability of the proposed model
with Grad-CAM. Fig. 1 represents the overall methodology.
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Figure 1: Overall methodology framework for breast cancer classification using dynamic graph multi-scale network
(DGMS-Net) architecture.

The work developed processing processes to enhance the quality of the data and its effectiveness through
the use of various operations and adjustments. Preprocessing images to a uniform size is an aspect of both
the computational and model implementation phases. We set all mammography dimensions to a fixed size,
width, height, and number of channels.

X ∈ RHin×Win×3 (1)

Label encoding is also used to convert categorical labels into numeric form. The breast dataset has two
classes, Benign and Malignant cases.

f (y) =
⎧⎪⎪
⎨
⎪⎪⎩

0, if y = Benign cases
1, if y =Malignant cases

(2)

This study used hold-out strategy to divide the dataset into training and test sets. Initially, all images from
the dataset are shuffled using random seeds to ensure reproducibility and eliminate bias. After shuffling, the
dataset was divided into 90% training and 10% testing. Specifically, for each class, the 90% of the processed
images are assigned to the training set, and the remaining 10% are assigned to the test set. The training set
was used for model training, while the testing set was completely unused during training and only used for
the final performance evaluation.

Medical image augmentation techniques are utilized in healthcare to increase the training data for more
efficient model learning. We used image augmentor Python package to ensure balance between the Benign
and Malignant mass images. This study used augmentation to easily enrich mass data. The system allows for
rotation, zoom, flips, brightness, and random contrast augmentation methods. We applied these techniques
to the class that has a small number of images. Image rotation is a typical method of rotating the samples.
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The images flip when they undergo horizontal or vertical transformation into the opposite orientation. We
finally make use of the random contrast function.

The mammography datasets are also exhibit class imbalance, this work employed synthetic minority
oversampling technique to the training data. The test data remained completely untouched throughout
all experiments and were used only for performance evaluation. This generates synthetic samples for the
minority class by interpolating between existing minority samples and their nearest neighbors.

For example, xi is a minority class and xzi one of its k-nearest neighbors. So, synthetic samples x̃ are
generated as:

x̃ = xi + λ ⋅ (xzi − xi) (3)

λ ∼ U(0, 1) is a random number drawn from a uniform distribution and xzi is a randomly selected neighbor
of xi . This process is repeated until the minority class is sufficiently augmented to balance the dataset.

3.1 DGMS-Net
DGMS-Net: Dynamic graph multi-scale network is designed with the hierarchical convolutional

backbone VGG-16, set to include top to False; the classification head is removed and extracts spatial features
from images. The framework froze the early layers during training while the final four layers were fine-tuned
together with the newly added network components, also allowing the deeper layers. Next, we enhances
extracted features, reshapes them into a graph structure, and processes them with a graph-based layer.
DGMS-Net architecture is shown in Fig. 2. This lightweight approach specifically designed to enhance breast
cancer detection performance, and robust features during the training procedure.

Figure 2: DGMS-Net architecture for breast cancer classification using mammography datasets.

After that, multi-scale block and squeeze-and-excitation blocks are used in the design. Multi-scale block
employed parallel convolutions and 1 × 1, 3 × 3, 5 × 5 kernel sizes for capturing patterns at different spatial
scales. The small kernels detect fine details and larger capture broader context.

F1 = σ(W1 ∗ F), F3 = σ(W3 ∗ F), F5 = σ(W5 ∗ F) (4)

Here, ∗ represents convolution and σ denotes the rectified linear unit (ReLU) activation function. These
outputs are combined to enhance feature diversity.

Fms = Concat(F1 , F3, F5) (5)

The squeeze-and-excitation block then recalibrate channel importance by learning which feature maps
are more relevant. It compresses spatial information using global pooling, passes it through small dense
layers, and produces weights that scale each channel. This helps the network focus on meaningful features
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while suppressing less useful ones. For the multi-scale module, we used 128 filters per branch, ReLU
activation, and the same padding. For the squeeze-and-excitation(SE) block, the reduction ratio is 8 for
the first dense with ReLU and the second dense with a sigmoid function. δ denote ReLU and σ sigmoid.
Squeeze-and-excitation is represented as:

zc =
1

HW

H
∑
i=1

W
∑
j=1

Fms(i , j, c), s = σ (W2 ⋅ δ(W1 ⋅ z)) (6)

The next approach is to convert convolutional feature maps into a graph-like representation. The batch,
height, width, channels are reshaped into (batch, nodes, features), where each spatial location becomes a
node.

X ∈ RN×C , N = H ×W (7)

The GraphConv layer then builds relationships between these nodes by computing a similarity-based
adjacency matrix using dot products and applying a softmax normalization. Matrix is computed as:

A = softmax(XXT) (8)

This effectively creates a fully connected graph where each node can influence every other node.
The graph convolution aggregates information across nodes, allowing the model to capture long-range
dependencies that standard CNNs may miss. This is especially useful when spatial relationships across distant
regions matter. Graph convolution is then applied as:

X′ = AXW (9)

After graph neural network processing, global average pooling layer is sued that reduced the node
dimensions. After that, vector is passed through dense layer (128 units), with ReLU activation to act nonlinear
feature transformations. This layer follow by dropout 0.5 to minimize the chances of overfitting. Then used
final classification layer to output probabilities for the two classes.

The design of architectural components and hyperparameters was based on the experimental evaluation
and empirical data used in previous works about medical imaging. The different kernel sizes were chosen
to ensure that different types of lesions can be observed simultaneously. The use of a reduction ratio of 8 in
the squeeze-and-excitation block provides an effective balance between model capacity and computational
efficiency for channel attention learning. The learning rate is maintained during the fine-tuning process
of the backbone. Overall, these design choices were optimized to maintain computational efficiency while
maximizing discriminative feature learning capability.

3.2 Algorithm
The proposed methodology is structured into two algorithms that described the mammography image

augmentation pipeline and comprehensive framework for the methodology. Image Augmentation pipeline
for Mammography dataset (only for training) is shown in Algorithm 1. Several augmentation techniques are
used with minimal probability p, and with different rang values.
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Algorithm 1: Image augmentation pipeline for mammography

Input: Train data Dtrain = {Ii}N
i=1 Output: Augmented data Dag

1: Initialize pipeline P()
2: Apply horizontal flip with probability p
3: Apply vertical flip with probability p
4: Rotate image with probability p
5: Rotation angle: θ ∈ [−10○, 10○]
6: Zoom image with probability p
7: Scaling factor: s ∈ [1.0, 1.2]
8: Apply brightness change with probability p
9: Intensity factor: β ∈ [0.7, 1.3]

10: Apply contrast change with probability p
11: Contrast factor: γ ∈ [0.7, 1.4]
12: for each image Ii ∈ Dtrain do
13: Generate augmented samples using P(Ii)
14: Add to Dag
15: end for

Algorithm 2 introduce dynamic graph multi-scale network for breast cancer classification, combines
convolutional feature extraction with graph-based representation learning for mammograms. The SMOTE
is applied only on the training set to avoid data leakage and the test set remains untouched.

3.3 Experimental Setup
This section elaborates on breast mammography datasets, splitting, cross-validation, training details,

and evaluation metrics.
The proposed methodology is evaluated employing three frequently used datasets of mammography

images [32]. The datasets are obtained from the Breast Imaging MIAS, DDSM and INbreast. The mammogra-
phy image collection includes both benign and malignant cancers. The images were obtained from the MIAS
dataset, which had 53 images of masses, and the INbreast dataset, which contained 106 images of masses,
2188 masses from the DDSM dataset were initially extracted. MIAS is an ideal choice for identifying breast
cancer since it primarily focuses on patients with alarming lesions. This work combined the MIAS, DDSM,
and INbreast datasets and applied augmentation techniques to the training data; after that, 27,136 images
were utilized for the experiments.

Several statistical metrics, such as F-score, precision, AUC, and accuracy, are used to assess the proposed
model. The data set was divided into two sets: one for training and one for testing. We assign 90% of images
to be used as training set by means of hold-out selection procedure while keeping 10% aside for testing only.

3.4 Implementation Details
The proposed approach was implemented using python libraries. The training was done on NVIDIA

GeForce RTX-3080 GPU with 10,067 MB VRAM in the system. Trials were carried out using Keras GPU
framework. Adam optimizer with learning rate 1e−4, total 30 epochs, and batch size 32 was utilized. The
backbone architecture was initialized with pretrained ImageNet weights. The GraphConv utilize Glorot
(Xavier) uniform initialization. The details of implementation is provided in Fig. 3.
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Figure 3: Overview of implementation details for the proposed approach.

Algorithm 2: Proposed dynamic graph multi-scale network for breast cancer classification

Input: Mammogram dataset D = {(Ii , yi)}N
i=1

Output: Predicted class ŷ
1: Preprocessing
2: Imbalance Handling
3: Apply SMOTE on training data to generate synthetic samples
4: Balanced train data Dbal
5: Augmentation
6: Transformations: rotate, flip, zoom, brightness, contrast
7: Augmented train data Dag
8: Deep Feature Extraction (DFE)
9: Extract feature map F
10: Fine-tune deeper layers
11: Multi-Scale Feature Learning (MSFL)
12: F1 = σ(W1 ∗ F), F3 = σ(W3 ∗ F), F5 = σ(W5 ∗ F)
13: Fms = Concat(F1 , F3, F5)
14: Channel Attention
15: zc = 1

HW ∑ Fms
16: s = σ(W2 ⋅ δ(W1 ⋅ z))
17: Graph Construction
18: Reshape: X ∈ RN×C , N = H ×W
19: A = softmax(XXT)
20: Graph Convolution
21: X′ = AXW
22: X′ = ReLU(X′)
23: Global Feature Aggregation
24: x = 1

N ∑X′
25: Classification
26: Optimization
27: Evaluation
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4 Results
In this section, several experiments are conducted with augmented data, synthetic data, a hold-out split,

and cross validation, including multiple key metrics and comparison with the existing framework.

4.1 Experiment 1: Performance of Proposed DGMS-Net Model with Hold-Out Split Method
Table 2 represents the proposed model performance for augmented train data and SMOTE-based,

synthetically generated balanced data. The experiments are performed on enhanced training data as well as
for balanced data. The proposed model achieved 99.06% accuracy on enhanced data and 99.84% accuracy
on balanced data with SMOTE. The model achieved a 99.06% weighted average recall score, 99.17% F1 for
malignant cases, and 99.81% precision for benign cases. The proposed model works exceptionally well for
the mammography breast cancer classification.

Table 2: Performance of proposed DGMS-Net model using augmented and balanced data.

Class/Metric Enhanced Data Balanced Data

Precision Recall F1 Score Precision Recall F1 Score
Benign cases 0.9981 0.9807 0.9893 0.9972 0.9991 0.9982

Malignant cases 0.9849 0.9985 0.9917 0.9993 0.9978 0.9985
Accuracy – – 0.9906 – – 0.9984

Macro Average score 0.9915 0.9896 0.9905 0.9983 0.9984 0.9984
Weighted Average score 0.9907 0.9906 0.9906 0.9984 0.9984 0.9984

Error analysis based on confusion matrix is presented in Fig. 4. We plotted un-normalized and
normalized matrix to compute correct and wrong predictions of proposed DGMS-Net model. Fig. 4a shows
1066 correct, and 21 wrong predictions for benign, 1369 correct and 2 wrong for malignant, Fig. 4b shows
normalized values, Fig. 4c shows 1086 correct predictions, 1 wrong for benign, and 1368 correct and 3 wrong
predictions for malignant, Fig. 4d shows normalized values using balanced data.

Figure 4: Error analysis based on confusion matrix, (a) represents matrix for enhanced data, (b) same matrix but
normalized for enhanced data, (c) matrix for balanced data, (d) normalized matrix for enhanced data.

Learning curves for the proposed model is illustrated in Fig. 5. Training & validation accuracy is
shown in Fig. 5a, Training & validation loss is shown in Fig. 5b using the enhanced data with augmentation.
Also, Fig. 5c represents the accuracy and Fig. 5d represents the loss for enhanced data with SMOTE.
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Figure 5: Proposed DGMS-Net model learning training and validation curves (accuracy & loss); (a,b) for augmented
enhanced data and (c,d) SMOTE balanced data.

4.2 Experiment 2: Cross Validation (CV) Results with K = 5
In this experiment, cross-validation results of the proposed model with 5 folds are presented in Table 3.

Each fold’s key performance metrics are computed to validate the proposed model. At Fold1, the model
achieved 98.54% and 99.82%; for Fold2, 98.70% and 99.90%; for Fold3, 98.23% and 99.88%; for Fold4, 98.78%
and 99.94%; and for Fold5, 97.64% and 99.72% accuracy and AUC score, respectively. The validation approach
illustrates that the proposed model accurately classified the mammograms into benign and malignant cases.

Table 3: Cross validation findings with k = 5 for the proposed DGMS-Net model and standard deviation.

CV-Folds Accuracy Precision Recall F1 Score AUC
Fold1 0.9854 0.9890 0.9847 0.9868 0.9982
Fold2 0.9870 0.9866 0.9902 0.9884 0.9990
Fold3 0.9823 0.9970 0.9712 0.9839 0.9988
Fold4 0.9878 0.9859 0.9923 0.9891 0.9994
Fold5 0.9764 0.9827 0.9748 0.9788 0.9972

Average 0.9838 + 0.0041 0.9882 + 0.0048 0.9826 + 0.0083 0.9854 + 0.0038 0.9985 + 0.0008

In addition, performance of proposed model with 95% bootStrap CI is shown in Table 4. CI is a statistical
technique employed to estimate the uncertainty of model metrics. Multiple BootStrap samples are generated
by repeatedly sampling the data with replacement. For example, (0.9881–0.9950) indicates that the model is
95% confident the true performance lies within this range. For bootstrap analysis, 1000 resampling iterations
with replacement were performed assuming independent and identically distributed test samples.
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Table 4: Performance with 95% BootStrap confidence intervals.

BootStrap Confidence Intervals (95% CI) BootStrap Confidence Intervals (95% CI)
Accuracy 0.9907 (0.9866–0.9943) 0.9983 (0.9963–0.9996)
Precision 0.9850 (0.9785–0.9912) 0.9993 (0.9977–1.0000)

Recall 0.9986 (0.9963–1.0000) 0.9978 (0.9949–1.0000)
F1 score 0.9917 (0.9881–0.9950) 0.9985 (0.9968–0.9996)

AUC 0.9897 (0.9853–0.9938) 1.0000 (1.0000–1.0000)

4.3 Experiment 3: Comparative Analysis
Comparative analysis of the proposed model with pretrained learning classifiers provides a significant

advantage by reducing the occurrence of overfitting problems often seen in deep learning algorithms when
assessed on a smaller image dataset. We performed training and validation on each model to classify breast
cancer. According to the data shown in Table 5, which offers detailed information on the outcomes of several
models for classifying breast cancer. We used recall, f-measure, accuracy, and precision as evaluation criteria
to evaluate and analyze the pretrained models. Only three models out of seven pretrained reached 91.37%,
95.07%, and 94.06%: CNN, ResNet50, and EfficientNetB0, respectively. When compared to the proposed, it
achieved a 3.99% improvement. The proposed model achieved the best performance, overall, in terms of key
performance metrics.

Table 5: Comparative analysis of pre-trained models with proposed DGMS-Net model.

Mammography Accuracy Precision Recall F1 AUC Kappa Log Loss
CNN 0.9137 0.9148 0.9321 0.9234 0.9782 0.8247 0.1970

MobileNetV2 0.8563 0.8534 0.8964 0.8744 0.9329 0.7069 0.3199
ResNet50 0.9507 0.9588 0.9525 0.9557 0.9899 0.9002 0.1266

InceptionV3 0.6965 0.7286 0.7264 0.7275 0.7586 0.3850 0.6040
EfficientNetB0 0.9406 0.9461 0.9474 0.9467 0.9883 0.8795 0.1589
DenseNet121 0.8409 0.8436 0.8774 0.8602 0.9260 0.6758 0.3358

NASNetMobile 0.7343 0.7517 0.7819 0.7665 0.8031 0.4586 0.5496
Proposed 0.9906 0.9848 0.9985 0.9916 0.9999 0.9809 0.0208

Comparative analysis of proposed DGMS-Net model with existing work is also conducted in this work
to demonstrate the suitability of the method. In Table 6, breast cancer compared the findings of their study
with other work. To clarify, each study relies on deep learning and uses the same dataset for evaluation.
Gnanasekara et al. [12] performed a research using the CNN method and reached an accuracy of 91.47%.
Karthiga et al. [13] also employed the same MiAS and INbreast datasets and achieved accuracies of 94.95%
and 96.53%, respectively. López-Cabrera et al. [33] used InceptionV3 and attained an accuracy of 86%, as
reported in their research. In a separate investigation [34], ResNet50 was implemented and yielded only a
marginal improvement of 3% over the findings obtained in study [33]. Another research [25] also achieved
poor performance on the same datasets. The proposed model achieved outclasses performance as compared
to the existing work.
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Table 6: Comparison of proposed DGMS-Net model with existing work.

Ref. Datasets Methods Results (%) Notes

[12] MiAS CNN 91.67 Poor performance, used only MIAS dataset, subpar
performance when applied to the INbreast dataset.

[13] MiAS NN 94.95 Simple neural network, good performance, limited
generalization.

[13] INbreast NN 96.53 Simple neural network, good performance, limited
generalization.

[23] MiAS CNN 97.49 Feature extraction and fusion might be complex, No
interpretability.

[24] MiAS UNet 93.00 Small data, use only MIAS dataset, limited
generalizability.

[33] MiAS Inception 86.05 Poor performance, No interpretability

[25] MiAS CNN 94.53 The proposed pipeline lacks explainability, which is
critical for clinical trust and adoption.

[26] MiAS Swin-
DAMFN 98.75 Lack of explainability, and high computational time for

GAN based augmentation.

[27] Mammogram MAX-ViT 98.20 Better performance, high computational complexity.

[28] Mammogram NAT-ST 76.80 Only evaluated on CBIS-DDSM data, moderate
performance, and lack of explainability.

[29] Mammogram CNN-ViT 90.10 Poor performance of hybrid approach, and lack of
interpretability like Grad-CAM.

[34] MiAS ResNet 89.52 Poor performance, lack of XAI techniques

Ours MIAS, DDSM,
INbreast DGMS-Net 99.06 Efficient and accurate, Grad-CAM based

explainability, better generalization, balanced strategy.

4.4 XAI for Mammography
XAI Grad-CAM is very important in medical image analysis to visualize model decisions. Therefore,

this section presents the explainable AI visualization for the proposed model. Fig. 6 illustrates Grad-CAM
that highlights important spatial regions by computing gradients of the predicted class with respect to
feature maps; Score-CAM evaluates the importance of each feature map by masking it onto the input and
measuring the model’s output score, then combining the most influential maps; SmoothGrad improves
robustness by adding small random noise to the input multiple times and averaging the resulting gradients
to reduce visual noise. The highlighted regions in breast mammograms primarily correspond to clinically
important breast anomalies, and regions with irregular intensity patterns that are associated with malignant
and benign cases. Such visual explanations can improve interpretability by highlighting the regions that
influence the final classification decision. Clinically, these heatmaps can help radiologists diagnose breast
cancer by assisting with lesion localization, drawing attention to subtle anomalies, and providing visual
confirmation of model predictions.
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Figure 6: Interpretability of the proposed model using heatmaps (original image, Grad-CAM, Score-CAM, Smooth-
Grad, Fusion and Overlay).

Also, Fig. 7 visualized the XAI techniques for the proposed model. This represents the original image,
the feature map extracted from the convolutional layer, the class activation map, the interpolated map (up-
sampling using resizing is applied to scale it to the original image size so it can be properly aligned for
visualization), and finally the Grad-CAM. In breast cancer imaging, it is useful because it helps ensure
whether the model is focusing on clinically relevant regions instead of irrelevant background.

Figure 7: XAI Grad-CAM visualization with feature map.

Fig. 8 displayed the accuracy and AUC scores for the proposed model with five folds at left side of the
chart. There are slight variations of AUC for each folds. The accuracy and AUC comparison for pretrained
and proposed model also illustrated in Fig. 8. CNN (M1), MobileNetV2 (M2), ResNet50 (M3), EfficientNetB0
(M4), DenseNet121 (M5), NASNetMobile (M6) and proposed (M7) are illustrated in the right side of chart.
Overall, in terms of all criteria, the model performed exceptionally and achieved outstanding results.

Figure 8: Complementary views of model performance using bar-chart: left-side shows cross-validation folds, right-
side shows pretrained models vs. proposed approach.
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We also conducted statistical significance test to evaluate the model performance with other pretrained
models as shown in Table 7. In experimental analysis, the most commonly used methods for different
purposes are the paired t-test and the Friedman test. The paired t-test is a parametric test used to compare
the means of two connected groups. In this experiment, it is typically used when comparing two samples
using the same measurement or fold. This test assumes that the differences between paired observations
have a normal distribution. If the resulting p-value is less than 0.05, the difference between two samples is
considered statistically significant. If the Friedman test is significant (p < 0.05), it indicates that at least one
sample performs differently. The performance scores were compared on identical test samples to account for
dependency between observations.

Table 7: Statistical significance test.

Statistical Significance Comparison p-Value Test
Proposed against CNN <0.05 Significant✓

Proposed against MobileNetV2 <0.05 Significant✓
Proposed against ResNet50 <0.05 Significant✓

Proposed against InceptionV3 <0.05 Significant✓
Proposed against EfficientNetB0 <0.05 Significant✓
Proposed against DenseNet121 <0.05 Significant✓

Proposed against NASNetMobile <0.05 Significant✓

Fig. 9 represents the feature visualization of the proposed DGMS-Net model using t-distributed
stochastic neighbor embedding (t-SNE) to better learned representations from breast cancer images with
scatter plot. Two different representations (input layer and penultimate layer) are extracted from the trained
DGMS-Net model. The penultimate layer represents deep learned features before the classification.

Figure 9: Feature visualization of proposed model using t-SNE for input feature space and deep feature space. The dark
purple color denotes Benign cases, and yellow denotes Malignant cases in the input and deep feature space.

4.5 Computational Complexity
Table 8 presents the computational complexity of the proposed DGMS-Net model on the enhanced

mammogram dataset. This provides a comprehensive view of model efficiency in terms of trainable
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parameters, GFLOPs, training time per epoch, and inference time. The proposed approach is computation-
ally feasible for practical deployment while achieving improved classification performance. The proposed
approach has 9.4 M trainable parameters, 8.75 GFLOPs, processes per epoch in approximately 79 s, and
1.129 ms/sample inference time.

Table 8: Computational complexity of the proposed DGMS-Net.

Metric Values
Trainable Parameters 9.4 M

GFLOPs 8.75
Training Time (per epoch) 79 s/per epoch
Inference Time (per image) 1.129 ms/sample

4.6 Ablation Study
Table 9 presents the results of the ablation study. In this section, the contribution of each component

that contributes to the model development is illustrated with important performance metrics. The backbone
without any fine-tuning strategy achieved moderate results; the backbone with a fine-tuned strategy achieved
98% performance. When incorporating a multi-scale network and SE block in the model, it achieved 98.65%
accuracy, while the final model with fine-tuning, multi-scale and SE networks, and a graph network achieved
a superior 99% accuracy.

Table 9: Results for ablation study of the proposed DGMS-Net.

Configuration Accuracy Precision Recall F1 Score
Backbone w/o fine-tuning strategy 0.8860 0.9025 0.8920 0.8972
Backbone with fine-tuning strategy 0.9812 0.9947 0.9715 0.9830

With multi_scale and SE 0.9865 0.9792 0.9970 0.9880
Proposed (Fine-tune +MSSE + GCN) 0.9906 0.9848 0.9985 0.9916

Also, this study performed independent testing on a combined mammogram dataset using different
train, test, and validation sets. As Table 10 illustrates, the results with 70:10:20 (train:test:val) sets for the
proposed approach.

Table 10: Results of proposed model under independent testing.

Metrics Performance
Accuracy 0.9902
Precision 0.9869

Recall 0.9956
F1 score 0.9912

AUC 0.9993
Kappa 0.9801
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5 Conclusion and Future Work
This study proposed the DGMS-Net for breast cancer classification, an innovative and captivating

field of study that has the potential to improve prognoses by increasing the frequency of early detection.
Early detection of breast cancer and timely medical intervention have the potential to reduce the mortality
rate associated with cancer. The framework comprises a preprocessing pipeline, handles imbalanced data,
enhances training data, splits methods, and designs the graph-based model. The research results demonstrate
that the proposed model attained an overall accuracy of 99.06% for enhanced and 99.84% for balanced data.
Regarding class-wise performance, the model achieved a precision of 98.49% and a recall of 99.85% for
malignant cases for enhanced data with augmentations. Also, the model achieved a precision of 99.93% and
a recall of 99.78% for malignant cases for balanced data with SMOTE. The proposed approach attained a
99.99% AUC, 98.09% kappa score, 0.0208 log loss, and 0.0119 training loss with the merged three datasets.
Additionally, the model achieved an AUC of 0.9985 ± 0.0008 and an F1 score of 0.9854 ± 0.0038 with cross-
validation. Grad-CAM XAI analysis demonstrates the explainability of the proposed approach by generating
class-discriminative localization maps and visualizing model decisions.

The proposed approach achieved promising results, but this study has some limitations. First, this
study applied SMOTE on raw image pixels, which may not fully preserve the spatial structure and semantic
consistency of medical images. Second, the dataset splitting was performed at the image level without
patient identifiers, which may introduce a potential risk of subject-level data leakage. Third, the XAI
analysis provide qualitative visual explanation for the proposed approach and did not provide quantitative
clinical interpretability.

In the future, the proposed approach will evaluate explicit patient-level annotation datasets to ensure
subject-wise splitting and more robust evaluation. For more advanced imbalance handling techniques other
than SMOTE or augmentation, we may use generative AI models or augmentation methods in feature space.
The expert validation or quantitative metric will be incorporated to strengthen the interpretability analysis.
Also, will include external validation and more diverse patient populations to better assess the model’s
generalizability. In addition, to improve computational efficiency and minimize error rates, the intent will be
to perform experiments with transformer-based model diagnostic tests while employing advanced feature
extraction techniques.
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