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Breast cancer represents a significant global health challenge, which makes it essential to detect
breast cancer early and accurately to improve patient prognosis and reduce mortality rates. However,
traditional diagnostic processes relying on manual analysis of medical images are inherently complex
and subject to variability between observers, highlighting the urgent need for robust automated
breast cancer detection systems. While deep learning has demonstrated potential, many current
models struggle with limited accuracy and lack of interpretability. This research introduces the Deep
Neural Breast Cancer Detection (DNBCD) model, an explainable Al-based framework that utilizes deep
learning methods for classifying breast cancer using histopathological and ultrasound images. The
proposed model employs Densenet121 as a foundation, integrating customized Convolutional Neural
Network (CNN) layers including GlobalAveragePooling2D, Dense, and Dropout layers along with
transfer learning to achieve both high accuracy and interpretability for breast cancer diagnosis. The
proposed DNBCD model integrates several preprocessing techniques, including image normalization
and resizing, and augmentation techniques to enhance the model’s robustness and address class
imbalances using class weight. It employs Grad-CAM (Gradient-weighted Class Activation Mapping)

to offer visual justifications for its predictions, increasing trust and transparency among healthcare
providers. The model was assessed using two benchmark datasets: Breakhis-400x (B-400x) and Breast
Ultrasound Images Dataset (BUSI) containing 1820 and 1578 images, respectively. We systematically
divided the datasets into training (70%), testing (20%,) and validation (10%) sets, ensuring efficient
model training and evaluation obtaining accuracies of 93.97% for B-400x dataset having benign

and malignant classes and 89.87% for BUSI dataset having benign, malignant, and normal classes

for breast cancer detection. Experimental results demonstrate that the proposed DNBCD model
significantly outperforms existing state-of-the-art approaches with potential uses in clinical
environments. We also made all the materials publicly accessible for the research community at: https:/
[github.com/romzanalom/XAlI-Based-Deep-Neural-Breast-Cancer-Detection.
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Cancer remains a critical public health challenge worldwide, and Breast Cancer (BC) stands as the most
common malignancy globally, representing approximately 12.4% of all new cancer cases each year"? In the
United States alone, 2024 saw an estimated 313,520 new cases of invasive BC and 310,720 new cases of non-
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invasive BC among women, with an additional 2,800 new cases of invasive BC diagnosed in men?. Breast cancer
is one of the most commonly diagnosed cancers among American women, accounting for about 30% of all new
cancer diagnoses in this population?. Early detection is essential for improving survival rates and reducing the
morbidity associated with BC, given its diverse nature comprising various entities with distinct biochemical,
histological, and clinical characteristics™®.

There are two major categories of high-risk breast cancer: benign and malignant. Benign breast cancer
refers to non-cancerous growths in breast tissue’. These tumors do not invade surrounding tissues or spread to
other parts of the body, and while they may cause discomfort or concern, they are typically not life-threatening.
Common benign breast conditions include fibroadenomas and cysts®. On the other hand, malignant breast
cancer involves cancerous growths that can invade surrounding breast tissue and metastasize to other parts of
the body. Malignant tumors are aggressive and require prompt treatment to prevent spread and reduce the risk of
mortality. Types of malignant breast cancer include ductal carcinoma in situ (DCIS), invasive ductal carcinoma
(IDC), and invasive lobular carcinoma (ILC)%1°.

Traditional diagnostic approaches, including mammography, ultrasound imaging, and magnetic resonance
imaging (MRI)!!, form the first line of clinical screening!>!*. However, these non-invasive techniques sometimes
fail to detect malignant lesions accurately, necessitating a more definitive diagnosis through biopsy. The biopsy
process involves collecting tissue samples, preparing them on glass slides, staining, and examining them under a
microscope by pathologists to identify cancerous cells'*. While this method is accurate, it is time-consuming and
heavily reliant on the expertise of pathologists, highlighting a significant gap in the current diagnostic landscape.
This gap underscores the urgent need for automated, accurate, and efficient diagnostic systems that can enhance
user experience and provide clearer insights into the diagnostic process.

Nowadays, machine learning has advanced healthcare by improving disease diagnosis and patient
monitoring'>!¢. Traditional methods rely on manual feature extraction, which is time-consuming and requires
domain expertise, while deep learning automates this process, enabling direct learning from raw data!”!8.
Convolutional Neural Networks (CNNGs), in particular, are popular deep learning approaches for image-based
cancer detection due to their ability to learn intricate patterns within complex data!®. However, deep learning
techniques face challenges like the need for big labeled datasets, high computational demands, and limited
accessibility in resource-constrained settings®’. To address these issues, transfer learning?!"?? leverages pre-
trained models like Densenet121, Mobilenet, Resnet50 and VGG19, reducing data requirements and improving
performance?>~°. However, despite their predictive accuracy?, traditional deep learning models often operate
as “black boxes,” providing limited insight into the decision-making process and failing to show which areas of
the image are most influential in reaching a diagnosis®. This lack of interpretability poses a challenge in clinical
settings, as clinicians need transparency and clarity in diagnostic tools to trust and effectively integrate them into
practice?’. Furthermore, many models focus solely on feature extraction without adding interpretative layers,
which restricts their utility in real-world applications where the reasoning behind predictions is critical.

Motivated by the need for early and precise BC detection, our work introduces the Deep Neural Breast
Cancer Detection (DNBCD) system. This system leverages advances in deep learning, specifically Densenet121
and Convolutional Neural Networks (CNNs) with Transfer Learning, to automate the diagnostic process. We
developed an advanced DNBCD to accurately classify benign, malignant, and normal breast tissue cases using
the Breakhis-400x dataset (B-400x)%3, which provides 400X -resolution?® histopathological images, and the
Breast Ultrasound Images Dataset (BUSI)*, which provides breast ultrasound images®!. Our system aims not
only to improve the accuracy and efficiency of BC detection but also to enhance the interpretability of the
model’s outputs. To this end, we integrated Gradient-weighted Class Activation Mapping (Grad-CAM)?2, which
provides visual explanations by highlighting and marking regions of the input image that are most influential in
the model’s decision-making process, thereby offering transparency and trust in the automated diagnosis. Our
contributions are multifaceted:

« In this study, we present the development of the DNBCD model, a combination of Densenet121 with addi-
tional CNN layers and transfer learning for BC detection with a focus on classifying benign, malignant, and
normal cases with high accuracy.

« Secondly, we implement Grad-CAM to ensure that the model’s predictions are interpretable, allowing clini-
cians to see which parts of the tissue images are being used to make diagnostic decisions.

o Thirdly, we address class imbalance in the datasets using class weighting, improving detection performance
for both benign, malignant, and normal cases.

« Fourthly, we conduct a statistical analysis of our model and prove its significance with other state-of-the-art
models.

« Finally, we conduct a thorough evaluation of our model’s performance, comparing it against other existing
methods and state-of-the-art techniques to demonstrate its superiority in accuracy 93.97% for B-400x*® and
89.87% for BUSI*® datasets.

The goals of this research align closely with several key United Nations Sustainable Development Goals (SDGs).
Our work supports Goal 3: Good Health and Well-being, which advocates for reducing premature mortality
from non-communicable diseases through early diagnosis and improved treatment. By advancing an automated,
precise detection system, we aim to facilitate timely intervention in breast cancer cases, potentially reducing
mortality rates. Moreover, the DNBCD system contributes to Goal 9: Industry, Innovation, and Infrastructure
by exemplifying the integration of cutting-edge technology in healthcare to enhance accessibility, affordability,
and effectiveness in cancer diagnostics. By developing a tool that can be implemented in resource-constrained
environments, we further address Goal 10: Reduced Inequalities, ensuring that populations in low-resource
areas gain equitable access to life-saving diagnostic technologies.
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The structure of this paper is as follows: Section “Literature review” reviews the existing literature on
breast cancer detection, focusing on studies using the B-400x, BUSI and others datasets. Section “Proposed
methodology of DNBCD” outlines the methodology employed in developing the DNBCD system, covering
the dataset characteristics, preprocessing methods, and DNBCD model architecture. Section “Result analysis”
details the experimental results and evaluates the performance of the DNBCD system. Also, Section “Limitations
and future works” presents the limitations and future scopes of the presented work. Finally, Section “Conclusion”
provides an analysis of the findings, examining the system’s potential impact on clinical decision-making and
patient outcomes.

Literature review

Breakhis-400x dataset (B-400x)

Ogundokun et al.* proposed a hybrid CNN-ANN modelB-400x?® dataset. Their model achieved an overall
accuracy of 89.47% and an accuracy of 89.15% at the 400x magnification level. By combining CNN for feature
extraction and ANN for classification, the hybrid model improved performance over standalone CNN and ANN
models. However, the limitations of this approach include relatively low recall and the potential for overfitting
due to the complexity of the model, which could be mitigated by optimizing hyperparameters and adjusting the
architecture.

Ahmed et al** introduced the Quantum-Optimized AlexNet (QOA) model to enhance breast cancer
detection using the B-400x dataset?®. This model combines AlexNet’s feature extraction with a quantum layer
functioning as a linear layer, achieving an accuracy of 93.67% at 400 x magnification. The research highlights
the potential of quantum computing to improve deep learning performance in medical imaging, particularly
for breast cancer diagnosis. However, it does not fully address practical limitations, such as the scalability of
quantum layers and their applicability in clinical settings, which may require further investigation.

Gupta et al.*> proposed a hybrid deep transfer learning model that combines Xception with Support Vector
Classifier (XSV) and Random Forest (XRF) to improve breast cancer tumour classification using histopathological
images. The models were compared with classifiers such as Random Forest, Logistic Regression, Support Vector
Classifier, K-Nearest Neighbors, and AdaBoost and evaluated on the BreakHis dataset?® at various magnifications.
At 400x magnification, the XSV model achieved an accuracy of 88.98%, while the XRF model reached 87.61%.
The overall accuracy of the XSV model across all magnifications was 90.17%. Limitations include dataset
imbalance, particularly fewer malignant images, which may affect performance. Future work could focus on
enhancing generalization and addressing data limitations.

Ogundokun et al.’ proposed a lightweight deep transfer learning model, Mobilenet-SVM, designed to
diagnose breast cancer histology (BCH) images for Internet of Medical Things (IoMT) applications. The model
combines Mobilenet and Support Vector Machine (SVM) to classify BCH images. Tested on the BreakHis
dataset?®, the model achieved a test accuracy of 91.50%, along with an Fl-score of 91.35%. The approach
balances computational efficiency and high accuracy, making it suitable for oM T-based imaging sensors in
resource-constrained environments.

Yamlome et al.” proposed a CNN-based classifier to improve breast cancer histopathology image classification
using transfer learning and data augmentation. The model was trained on high-resolution whole images from the
BreakHis dataset®®, achieving an average magnification-level accuracy of 91.60%. Their approach outperformed
prior methods by up to 6% in magnification accuracy and 2% in patient scores by utilizing whole images instead
of patches, allowing the network to capture more global features. However, for images at 400 X magnification, the
model achieved an accuracy of 89.15%. This technique enhances the potential for more accurate breast cancer
diagnosis through improved image classification.

Gupta et al.’® proposed a partially independent framework for classifying breast cancer histopathology
images using deep multi-layered features from a fine-tuned Resnet model. Their approach integrates features
from multiple layers of the network, incorporating both low- and mid-level features along with high-level ones.
Tested on the BreaKHis dataset?®, the method achieved an accuracy of 90.85% at 400X magnification. This
framework outperformed traditional single-layer approaches and demonstrated the effectiveness of utilizing
multi-layered features for improved classification performance.

Breast ultrasound images dataset (BUSI)

Munteanu et al.*® proposed an end-to-end deep learning model for breast cancer detection using ultrasound
images. Their model integrates GAN-based data augmentation, UNet for segmentation, and CNN for
classification. The key contribution of their work is addressing data limitations, enhancing the training set with
synthetic images, and achieving 86% accuracy. However, the limitation lies in their use of a single public dataset,
which limits the model’s generalizability and involved high computation cost.

Pacal et al.** proposed a deep learning approach for classifying breast cancer using ultrasound images. They
evaluated several models, including AlexNet, VGG16, Resnet, GoogleNet, EfficientNet, and Vision Transformer.
The Vision Transformer achieved the highest accuracy at 88.6%, outperforming other CNN models. However,
the study noted limitations due to the small size of the BUSI dataset®®, which constrained the performance of
deeper models. Future work could benefit from larger datasets and advanced data augmentation techniques.

Alotaibi et al.*! proposed a breast cancer classification method utilizing convolutional neural networks (CNN)
and image fusion techniques on ultrasound images. Their approach included a three-step preprocessing scheme:
speckle noise filtering, region of interest (ROI) highlighting, and RGB fusion. When tested on the BUSI** and
KAIMRC datasets, the VGG19 model achieved accuracies of 87.8% and 85.2%, respectively. However, the study
faced limitations due to the relatively small size of the BUSI*” dataset, which impacts the model’s generalization
ability, high computation cost and the imbalance among benign, malignant, and normal classes, which challenges
consistent performance.
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Isik et al.*? proposed a meta-learning-based model for few-shot classification of the BUSI*® dataset, utilizing
Prototypical Networks (ProtoNet) and Model-Agnostic Meta-Learning (MAML). The highest accuracy achieved
was 88.9% using ProtoNet with a Resnet50 backbone in a 10-shot setting, significantly surpassing the baseline
accuracy of 83.1% with transfer learning. However, the model’s limitations include dependency on dataset
similarity for cross-domain training and high computational demands with deeper backbones like Resnet50.

Gheflati et al.*® investigated the application of Vision Transformer (ViT) models for classifying breast
ultrasound (US) images using the BUSI dataset®’, which comprises 780 images. The ViT B/32 model achieved
the highest accuracy of 86.7% and an AUC of 0.95, surpassing traditional CNNs like Resnet50, which had an
accuracy of 85.3%. However, the small size of the BUSI*® dataset limited model generalizability, and standard
data augmentation techniques, such as cropping and rotation, had minimal effect on improving accuracy due to
the specific characteristics of ultrasound images.

Tagnamas et al.** proposed SCA-InceptionUNeXt, a lightweight U-shaped network for medical image
segmentation. It integrated a modified InceptionNeXt block for efficient feature extraction and a Spatial-aware
Channel Attention (SCA) module for enhanced feature fusion. The model outperformed SOTA methods on
four datasets, achieving 81.66% Dice on BUSI while using 26.11M fewer parameters than U-Net. However, it
struggled with low performance in certain imaging modalities and lacked interpretability in model decisions.

Sirjani et al.*> developed a deep learning model based on an enhanced InceptionV3 architecture for
classifying breast lesions in ultrasound images. Key improvements included converting InceptionV3 modules
to residual inception modules and optimizing hyperparameters. Trained on five datasets, including three public
and two from imaging centers, the model was compared with 24 CNN architectures, achieving an accuracy
of 0.81, precision of 0.83, recall of 0.77, F1 score of 0.80, AUC of 0.81, and RMSE of 0.18. While effective for
classification, the study notes limitations in model generalization and the need for further clinical validation.

Zhang et al.*¢ introduced the Hierarchical Attention-guided U-Net (HAU-Net), a hybrid CNN-transformer
framework for breast lesion segmentation in ultrasound images. The model combines CNNs for local detail and
transformers for long-range dependencies, integrating an L-G transformer block into U-Net skip connections
and a cross-attention block (CAB) in the decoder. HAU-Net achieved Dice coefficients of 83.11% on the BUSI
dataset®®, 88.73% on UDIAT, and 89.48% on BLUI, surpassing state-of-the-art segmentation methods.

Others dataset

Bilal et al.*” introduced the Improved Quantum-Inspired Binary Grey Wolf Optimizer (IQI-BGWO) to optimize
the Support Vector Machine (SVM) for breast cancer diagnosis. The study is limited to the Mammographic
Image Analysis Society (MIAS) dataset, restricting generalizability. Despite this, IQI-BGWO-SVM improves
classification accuracy and feature selection. This work advances medical imaging with quantum-inspired
optimization.

Zeng et al.*® proposed a deep learning-based Raman spectroscopy model for diagnosing HER2-positive and
triple-negative breast cancer. The study achieved high accuracy (CNN: 91.11%); however, limitations include
a small sample size (75 samples), lack of external validation, no direct comparison with clinical methods, and
potential spectral variability due to external factors. Additionally, the approach may require further optimization
for real-world clinical integration and robustness across diverse patient populations.

Ma et al.*’ developed a surface-enhanced Raman spectroscopy (SERS)-based approach using a composite
Ag NPs PSi Bragg reflector SERS substrate for early breast cancer detection. The study reported high diagnostic
accuracy (95%), specificity (96.7%), and sensitivity (93.3%) and a low-cost. However, it was constrained by a
small dataset (60 serum samples), absence of external validation, and potential spectral variability. Further
research is needed to validate its clinical applicability across larger and more diverse populations.

Vulli et al.* proposed a fine-tuned Densenet-169 model utilizing FastAl and the 1-Cycle policy for automated
breast cancer metastasis detection. Trained on a refined PatchCamelyon (PCam) dataset from Camelyon16, the
model achieved 97.4% accuracy, surpassing existing methods. A mobile application was introduced to support
early diagnosis. While the model enhances sensitivity and specificity, challenges such as high computation cost,
overfitting risks, extensive data augmentation, and manual hyperparameter tuning remain, potentially limiting
usability for non-experts in clinical settings.

Srinivasu et al.>! developed a CatBoost+MLP model for breast cancer diagnosis, integrating explainable Al
(SHAP) and ANOVA-based feature selection. They used the Breast Cancer Wisconsin dataset (569 records)
and achieved an accuracy of 99.3%. The model effectively handled categorical data and reduced overfitting.
Performance was superior to conventional techniques. However, the study was limited by dataset size, which
affected generalizability. The authors suggested future improvements, including stacking and voting techniques,
to enhance robustness and interpretability. Their work contributed to advancing AI-driven diagnostic models
for more accurate and transparent breast cancer prediction.

In this study we explored various deep learning and machine learning approaches for breast cancer
diagnosis across histopathological, ultrasound, and others datasets. Table 1 provides a comprehensive overview
of our explored work in this domain. Hybrid models combining feature extraction with classifiers have
shown improvements, such as Ogundokun et al.>> CNN-ANN, Ahmed et al.** Quantum-Optimized AlexNet
(QOA), and Gupta et al.¥® Xception-SVM/Random Forest models. Similarly, Ogundokun et al.*® introduced
Mobilenet-SVM optimized for IoMT applications, while Yamlome et al.’’ applied transfer learning and data
augmentation to enhance classification. Deep transfer learning approaches have been explored to improve
classification, with Gupta et al.*® utilizing multi-layered Resnet features, while Sirjani et al.*> and Tagnamas et
al.** enhanced InceptionV3 for ultrasound image classification. Pacal et al.* and Gheflati et al.** investigated
Vision Transformer-based models, and Isik et al.*? introduced meta-learning (ProtoNet-Resnet50) for few-
shot classification. Segmentation-focused models have been studied, including Zhang et al.*® HAU-Net, which
integrates CNNs and transformers for breast lesion segmentation, and Munteanu et al.**, who combined GAN-

Scientific Reports |

(2025) 15:17531 | https://doi.org/10.1038/s41598-025-97718-5 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Author Model Dataset Accuracy (%) | Limitations

Ogundokun etal.®* | Hybrid CNN-ANN B-400x 89.47 Overfitting problem

Ahmed et al.* QOA B-400x%8 93.67 Scalability of quantum layers

Gupta et al.** XSV and XRF B-400x?8 90.17 Dataset imbalance

Ogundokun et al.*® | Mobilenet-SVM BreakHis 91.50 (400x) Complexity of model

Yamlome et al.*’ CNN-based Classifier | BreakHis 91.60 (400x) Accuracy drops at higher magnifications
Gupta et al.’8 Fine-tuned Resnet B-400x28 90.85 Complexity in multi-layer feature integration
Munteanu etal.** | UNet+CNN BUSI* 86 Small dataset size and high computation cost
Pacal et al.* Vision Transformer BUSI*® 88.6 Small dataset size

Alotaibi et al.*! VGG19 BUSI®’, KAIMRC | 87.8 (BUSI*®) | Class imbalance and high computation cost
Isik et al.*? ProtoNet+Resnet50 BUSI* 88.9 Dependency on dataset similarity

Gheflati et al.*? ViT B/32 BUSI* 86.7 Small dataset affects generalizability

Tagnamas et al.*4

SCA-InceptionUNeXt

Multiple datasets

81.66 (BUSI*?)

Low performance and lacked interpretability

Sirjani et al.*® Enhanced InceptionV3 | Multiple datasets | 81 (BUSI*?) Model generalization issues

Zhang et al.* HAU-Net Multiple datasets | 83.11 (BUSI*®) | Model generalization issues

Bilal et al.¥” IQI-BGWO+SVM MIAS 99.25 Model complexity constraints

Zeng et al.* CNN 75 serum samples | 91.11 Small dataset affects generalizability
Ma et al.# SERS 60 serum samples | 95 Small dataset affects generalizability
Vulli et al.> Fine-tuned Densenet | PatchCamelyon 97.40 Model complexity constraints
Srinivasu et al.*! CatBoost+MLP Wisconsin 99.3 Small dataset affects generalizability

Table 1. Summary of related research on breast cancer detection and classification.
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Fig. 3. Proposed methodology of DNBCD system.

based augmentation, UNet segmentation, and CNN classification. Alotaibi et al.*! used image fusion and CNNs
for ultrasound-based diagnosis. Raman spectroscopy and alternative approaches have also been investigated.
Zeng et al.*® used CNNs for HER2-positive and triple-negative breast cancer detection, while Ma et al.*’
employed SERS-based Ag NPs for early-stage diagnosis. Bilal et al.*’ applied IQI-BGWO for SVM optimization,
improving feature selection and classification. Explainability and model interpretability have gained attention,
with Srinivasu et al.>! integrating CatBoost+MLP and SHAP-based explainability for breast cancer diagnosis.
Vulli et al.*® fine-tuned Densenet-169 using FastAl and the 1-Cycle policy, also developing a mobile application
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for early detection. Despite these advancements, challenges still exist, like limitations in datasets such as class
imbalance and small sample sizes, which affect how well the model can generalize. Our proposed model aims
to tackle these issues by using strategies to improve performance and address data imbalance, ensuring that
all classes are represented fairly. We also focus on making our model interpretable and transparent by using
Grad-CAM techniques. These techniques help us understand how the model makes its decisions, making it
easier for clinical adoption. In the future, research should keep looking into hyperparameter tuning, feature
selection, scalable architectures, and explainable Al to further enhance transparency and reliability in breast
cancer diagnostics.

Proposed methodology of DNBCD

As illustrated in Fig. 3, the proposed system’s methodology is structured to effectively analyze and classify
breast cancer images. Initially, the system takes input images from the dataset, which serves as the primary data
source for the analysis. These images undergo preprocessing to enhance their quality and ensure suitability for
subsequent stages. The dataset is then partitioned into training, testing, and validation sets using either a random
or stratified splitting strategy. Subsequently, various models, including Densenet121°2, Mobilenet, Resnet50%,
VGG19°%, Alexnet®, EfficientNetB0>” and others are trained. Among those model we select Densenet121,
Mobilenet, Resnet50, and VGG19 models for building our proposed model. Next, we modify these models
by incorporating CNN layers and employing transfer learning techniques. The best-performing configuration
combines Densenet121 with additional CNN layers and transfer learning, resulting in our proposed DNBCD
model. After that we use this model for breast cancer classification. Finally, the system provides interpretable
explanations of the classification results. The key steps of the proposed methodology are outlined as follows:

Dataset

The datasets utilized in this study are sourced from publicly available repositories and hospital records, containing
labeled data for both benign and malignant cases. The quality and diversity of the images are critical in ensuring
robust model performance. For both datasets, we partition the data into three subsets: 70% for training, 10%
for validation and 20% for testing. Because in BUSI*? dataset already splitting into 70-20-10 and most of the
papers®*~4345:46 are used this splitting on Breakhis-400x B-400x?® and BUSI*® dataset. So we used this splitting.
Also we used effective score and variance for selecting this splitting.

« Variance: Variance measures how much data points differ from the mean®®. It is crucial for dataset splitting
because maintaining similar variance in both training and testing sets ensures accurate model evaluation and
prevents overfitting. It defined as shown in Eq. (1).

N
ot =3 (- p)? 1)
i=1

Where o2 represents the variance, IV is the number of data points, z; denotes each data point, and y is the mean
of the data points.

« Effective score: The effective score accounts for the number of independent observations in correlated data-
sets®8. It is essential for dataset splitting to accurately reflect the dataset’s information content, especially in
cases where data points are not independent. It defined as shown in Eq. (2).

1
Tog = ——— (2)

Otrain T Otest

Where Teg represents the effective score, otrain is the variance of the training set, and oest is the variance of
the test set.

Both the variance and effective score are very important for creating balanced datasets that help in assessing
model performance reliably. In this study, Table 2 shows a comparison of effective scores and variance across
different dataset splits. Here, gy yain> Otest> and oval represent the variances of the training, testing, and validation
sets, respectively. Although the best variance for the validation set is 0.0524 for the B-400x dataset and 0.0563
for the BUSI dataset when using the 60-20-20 ratio, the effective scores, which we refer to as Teg, are not the
highest for this split. On the other hand, the 70-20-10 ratio gives us much higher effective scores, reaching 12.43
for the B-400x dataset and 11.56 for the BUSI dataset. These numbers indicate a better balance between how
well the model performs and its ability to generalize. So, we chose the 70-20-10 ratio for our analysis because it
offers a good trade-off between training efficiency and validation reliability, making the model’s performance
assessment stronger.

This split ensures effective model training, unbiased performance evaluation, and fine-tuning of
hyperparameters, contributing to the overall reliability and accuracy of the system. And the splitting can be
mathematically represented by Egs. (3), (4), and (5).

For Training Set (Strain):

Strain = Strain, benign U Strain, malignant U Strain, normal (3)

For Testing Set (Stest):
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Dataset | Split ratio | Train set | Test set | Validation set | o¢ niy, | Otest | Oval | Terr
90-05-05 | 1638 91 91 0.0247 | 0.1048 | 0.1048 | 7.73
80-10-10 | 1456 182 182 0.0262 | 0.0741 | 0.0741 | 9.95

B-400x?® | 70-20-10 | 1274 364 182 0.0280 | 0.0524 | 0.0741 | 12.43
70-15-15 | 1274 273 273 0.0280 | 0.0605 | 0.0605 | 11.30
60-20-20 | 1092 364 364 0.0302 | 0.0524 | 0.0524 | 12.11
90-05-05 | 1420 78 78 0.0265 | 0.1132 | 0.1132 | 7.15
80-10-10 | 1262 157 157 0.0281 | 0.0798 | 0.0798 | 9.25

BUSI* 70-20-10 | 1104 315 157 0.0301 | 0.0563 | 0.0798 | 11.56
70-15-15 | 1104 236 236 0.0301 | 0.0651 | 0.0651 | 10.51
60-20-20 | 946 315 315 0.0325 | 0.0563 | 0.0563 | 11.29

Table 2. A detailed analysis of dataset splitting for B-400x and BUSI datasets was performed to compare the
effective score and variance across different sets. Significant values are in bold.

Fig. 1. Sample of data in BreakHis-400x dataset where (a), (b) and (c) represent benign breast cancer, and (d),
(e) and (f) represent malignant breast cancer.

Stest = S’test7 benign U Stest, malignant U Shest, normal (4)

For Validation Set (Sya1):

Sval = Sval, benign @] Sval, malignant U Sval, normal (5)

BreakHis-400x (B-400x) and BreakHis-100x (B-100x)?® Datasets: The B-400x dataset is a subset of the
BreakHis dataset and it comprises 1,820 microscopic images of breast tumor tissue collected from 82 patients.
The dataset is divided into two classes: benign, which contains 588 images, and malignant, with 1,232 images.
Each image is captured at 400x magnification, making this dataset a valuable resource for microscopic-lev-
el breast cancer analysis. This dataset is publicly available and can be accessed via B-400x. Figure 1 shows
the sample of dataset. Where (a and b) represent affected Benign, (c and d) represent affected malignant.
In this study, Fig. 4 represents the class distribution of different category where (a) represents dataset class
distribution of different category, (b) represents class distribution of train set, (c) represents class distribu-
tion of test set, (d) represents class distribution of validation set. We used | Strain, benign, malignant| = 1274
images for train set using Eq. (3), |Stest, benign, malignant| = 364 images for test set using Eq. (4), and
|Sval, benign, malignant| = 182 images for validation set using Eq. (5). Additionally, the B-100x dataset is in-
deed a subset of the BreakHis dataset, comprising a total of 3,051 images of breast tumor tissue collected from
82 patients. This dataset is also publicly available and can be accessed through the similar link.

BUSI® Dataset: This dataset includes breast ultrasound images from 600 female patients, aged between 25
and 75 years. It consists of 1578 ultrasound images, each with an average resolution of 500x500 pixels in
PNG format. The dataset also includes corresponding ground truth images, which provide additional an-
notations for accurate analysis. The images are categorized into three classes: normal (266 images), benign
(891 images), and malignant (421 images), offering a comprehensive overview of breast tissue conditions for
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(d)

Fig. 2. Sample of data in BUSI dataset where (a) and (b) representing benign breast cancer, (c) and (d)
representing malignant breast cancer, and (e) and (f) representing normal breast images.

1200

Number of Sample

=
& o o o
s & & g
8 8 8 8

N
=3
3

o

Benign

Category

(@

N
&
S

120

100

N
S
S

@
<
=

80

,_.
5]
S

60

IS
o
S

Number of Sample

Number of Sample
Number of Sample

,_.
o
3

40

N
-1
5

o

S

20

=
o
o

Malignant Benign Malignant Benign Malignant Benign Malignant

Category Category Category

(b) () (d)

Fig. 4. Class distribution of different category from the B-400x dataset where (a) represents dataset class
distribution of different category, (b) represents class distribution of train set, (c) represents class distribution
of test set, (d) represents class distribution of validation set.

cancer detection research. This dataset is publicly available and can be accessed via BUSI. Figure 2 shows the
sample of dataset. Where (a and b) represent affected Benign, (c and d) represent affected malignant and (e
and f) represent affected normal. In this study, Fig. 5 represents the class distribution of different category
where (a) represents dataset class distribution of different category, (b) represents class distribution of train
set, (c) represents class distribution of test set, (d) represents class distribution of validation set. We used
|Strain, benign, malignant, norma1|= 1104 images for train set USing Eq (3)> |Stest, benign, malignant, norma1|=
316 images for test set using Eq. (4), and |Sval, benign, malignant, normal| = 158 images for validation set
using Eq. (5).

Preprocessing techniques

In this study, we utilized the B-400x?® and BUSI* datasets, which present several challenges, including variations
in image dimensions (heights and widths), pixel quality discrepancies, limited diverse imaging conditions,
and class imbalance. Figure 1 highlights the problems prevalent in the B-400x*® dataset and Fig. 2 details the
challenges associated with the BUSI*” dataset. Additionally, Fig. 4a depicts the class imbalance in the B-400x*®
dataset, while Fig. 5a illustrates the imbalanced nature of the BUSI* dataset. To ensure the consistency and
quality of the data, we employed several preprocessing techniques, which are as follows:

 Resize: The input image [ is preprocessed through resizing to align with the input requirements of the DN-

BCD model. Initially, the image is resized to a standardized dimension of Iresize = 128 x 128 pixels with
three color channels (RGB), a conventional input size that enhances consistency across samples and optimizes
the computational efficiency of deep learning models. It is essential because it standardizes all images to the
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Fig. 5. Class distribution of different category and sets from the BUSI where (a) represents class distribution of
different category, (b) represents class distribution of train set, (c) represents class distribution of test set, and
(d) represents class distribution of validation set.

model’s required dimensions, which significantly enhances the training process. This resizing operation is
mathematically represented in Eq. (6).

Liesizea = resize(I, (128, 128)) (6)

« Normalization: The rescaling factor of Iscalea = 1.0/255.0 normalizes the pixel values of the images to a
range of [0, 1]. This ensures consistency in input data, which enhances the stability and performance of neural
networks. By reducing the scale of input values, normalization helps mitigate the risk of large gradients that
can destabilize training, resulting in a smoother and more efficient learning experience. This rescaling opera-
tion is mathematically represented in Eq. (7)

1 array

Iscaled = 255.0 (7)

o Data augmentation: Data augmentation techniques are used to diversify the training data by creating new
image variations, simulating real-world scenarios. It is essential for enhancing the model’s robustness and
generalization capabilities. These include: 1. Rotation: Images are randomly rotated up to 2(°, making the
model resilient to slight rotations. 2. Width and Height Shift: Images are translated horizontally and vertically
by up to 20%, helping the model recognize objects regardless of position changes. 3. Shear: A shear trans-
formation of 15° distorts the image, enabling the model to handle skewed perspectives. 4. Zoom: Random
zooming by up to 15% helps the model detect features at various scales. 5. Horizontal Flip: Random flipping
improves robustness against mirrored images. 6. Fill Mode: Nearest pixel values fill gaps caused by transfor-
mations, preserving image continuity®’.

« Dataset balancing: To address the issue of data imbalance, we apply class weights to the dataset. Data imbal-
ance occurs when the number of instances across different classes is significantly unequal, which can lead to
biased models and inaccurate predictions®!. This issue is especially critical in breast cancer classification,
where underrepresented classes may be more challenging for the model to identify accurately. To address
this, we calculate class weights to emphasize minority classes by assigning them higher weights that ensure
the model gives appropriate attention to these classes, making errors on these classes more impactful during
training. The class weight for each class ¢ is computed as shown in Eq. (8).

_ Stotal
Wi = N x S; (8)

Where W; represents the weight for class 4, Stotal is the total number of samples, N is the number of classes,
and S; is the number of samples in class 4.

This formula ensures that the model places greater emphasis on the minority classes, thereby reducing the risk
of biased predictions and enhancing classification accuracy across all classes. For example, in the B-400x*®
dataset, the computed weights are Whenign = 1.5476 and Wialignant = 0.7386. Similarly, for the BUSI?
dataset, the weights are Wyenign = 0.5903, Whalignant = 1.2494, and Whormar = 1.9774. Figure 6a repre-
sents the class weight using bar chart for B-400x?® dataset and Figure 6b represents the class weight using bar
chart for BUSI* dataset.

In this study, we applied various preprocessing techniques to enhance image quality and augment the dataset
for improved model performance. Figure 7 and Table 3 represent the effect of each preprocessing. Where Fig.
7 illustrates the effect of these techniques on a sample image from the B-400x*® Dataset. The original image is
shown in (a), while (b) presents the resized version standardized to 128 x 128 pixels for uniformity. (c) depicts
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Fig. 6. Class weight of different category for handling class imbalance from the B-400x and BUSI dataset
where (a) represents the class weight of different category for B-400x, and (b) represents the class weight of
different category for BUSL

Fig. 7. Effect of the preprocessing processes applied to the B-400x dataset where (a) represents the original
image, (b) is the resized version, (c) shows the normalized image, (d) illustrates the image after applying a 20°
rotation, (e) depicts a height shift of 20%, (f) corresponds to a width shift of 20%, (g) represents a 15° shear
transformation, (h) displays the horizontally flipped version and (i) shows a 15% zoomed image.
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Dataset | Image status Original | Resized | Normalized | Augmented
Minimum value | 80 87 0.34 91

B-400x*® | Maximum value | 255 255 1.0 255
Mean value 187.66 187.55 | 0.74 188.36
Minimum value |0 13 0.05 19

BUSI*® | Maximum value | 255 255 1.0 255
Mean value 127.88 127.73 0.50 105.80

Table 3. Statistical overview of image characteristics before and after each preprocessing step for B-400x and
BUSI datasets.

the normalized image with pixel values scaled to the range [0,1] for consistency. To introduce variations and
improve model robustness, (d) applies a 20° rotation, (e) shifts the height by 20%, and (f) shifts the width
by 20%. Additionally, (g) illustrates a 15° shear transformation, (h) presents a horizontally flipped version to
enhance variability, and (i) shows a 15% zoomed-in image to help the model learn scale-invariant features.
Similarly, we also applied this technique on the BUSI*® dataset. During the training, a total of nine types of
variations are applied to each image using different preprocessing techniques and those steps collectively
enhance dataset diversity, mitigate overfitting, and contribute to training a more generalized and resilient deep
learning model. Furthermore, Table 3 presents the statistical differences in key parameters, including minimum,
maximum, and mean pixel values before and after each preprocessing step. These changes highlight the impact
of resizing, normalization, and augmentation on image characteristics, ensuring better standardization and
improved feature extraction.

In this study, we improve the consistency and quality of the data by applying these pre-processing approaches,
which opens the door to more accurate and dependable testing and modeling.

Proposed model creation and training

In this training phase, the system utilizes separate training and validation sets to train and validate the our
proposed model. In this study we created a deep neural model specifically designed for breast cancer detection.
During the model creation step we examine different architecture like Densenet, Mobilenet, Resnet50
and VGG19. After that we applied transfer learning and cnn layers including Conv2D, Maxpooling, Batch
Normalization, Zero Padding, Global Average Pooling, Dense, Dropout layers and activation functions such as
ReLU and sigmoid or softmax®%.

o The Conv2D operation serves as a fundamental building block in convolutional neural networks (CNNs)
for processing image data. It performs a convolution operation between a set of learnable filters, or kernels,
and the input image or feature map®. This process involves sliding the filters over the input and computing
element-wise multiplications followed by summation, as expressed mathematically in Eq. (9).

M—-1N-1

Clij) =Y > ([i+m,j+n] Klm,n])+b )

m=0 n=0

Where C1[i, j] is the output value at position (¢, j) in the output feature map, I is the input image or feature map,
K is the convolutional filter (kernel) being applied, M and N are the dimensions of the filter, and b is the bias
term associated with the filter.

o Max pooling is a downsampling operation commonly employed in CNNs to reduce the spatial dimensions of
feature maps while retaining critical features®®. Given an input feature map F' with dimensions Hin X Win(
height Hi, and width Wiy), and a pooling operation with a pool size of P x P, the output feature map G will
have dimensions Hout X Wous, defined as shown in Eq. (10).

Hin VVin
Houe = s Wout = 10
‘=5 ¢ = p (10)
The max pooling operation for a specific output position (%, §) is defined as shown in Eq. (11).
Gli, ] = max max Fli - P +m,j - P +n] (11)

m=0 n=0

Where G[i, j] is the value at position (Z, j) in the output feature map, F’ is the input feature map, and P is the
pool size (typically 2 x 2).

o The ReLU (Rectified Linear Unit) activation function is extensively utilized in deep learning models due to its
ability to introduce non-linearity®. It is defined as shown in Eq. (12).
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ReLU(z) = max(0, ) (12)

Where ReLU(z) outputs the input directly if it is positive; otherwise, it outputs zero. This function is
computationally efficient and helps mitigate the vanishing gradient problem, thereby accelerating the training
process. However, it may lead to the “dying ReLU” problem, where a significant portion of neurons output zero,
potentially slowing learning in those regions.

o Zero Padding is a technique used to add extra pixels around the border of an image, which helps preserve
spatial dimensions during convolution operations®. This is particularly useful in deep learning models to
prevent the reduction of feature map size after successive convolutions. The output of a Zero Padding layer
can be represented by Eq. (13).

Z = pad(X,p) (13)

Where Z is the padded output, X is the original input, and p is the number of padding pixels added to each
side of the input.

« Batch Normalization is a technique that normalizes the inputs of each layer to improve training speed and
stability®’. It mitigates issues related to internal covariate shift by maintaining the mean and variance of layer
inputs. The output Y after Batch Normalization can be expressed in Euation.14.

X —p
Vo?+e
Where Y is the normalized output, X is the input vector, x4 is the mean of the input, o2 is the variance of the

input, v and (3 are learnable parameters for scaling and shifting the normalized output, and ¢ is a small constant
to prevent division by zero.

Y =~ +8 (14)

 The Dense layer is critical for learning complex relationships among input features, as each neuron in this
layer is connected to every neuron in the preceding layer®®. The output vector Y for a Dense layer with N
neurons, given an input vector X of length M, is computed as shown in Eq. (15).

Y =0(W-X+B) (15)

Where Y is the output vector of the Dense layer, X is the input vector, W is the weight matrix of shape N x M,
B is the bias vector of length IV, and ¢ is the activation function applied element-wise to the output.

« Dropout is a regularization technique used to prevent overfitting by randomly setting a fraction of the input
units to zero during training®. This encourages the model to learn robust features. The output Y of a Dropout
layer can be mathematically described in Eq. (16).

Y=X-D (16)

Where Y is the output after applying Dropout, X is the input vector, and D is a binary mask that randomly sets
elements to zero with a probability p.

« The Sigmoid activation function is commonly used in neural networks to introduce non-linearity into the
model. It maps any input value to a range between 0 and 1, making it particularly useful for binary classifica-
tion tasks’’. The output Y of the Sigmoid function given an input X can be expressed in Eq. (17).

1

Y=0(X)=ﬁ

(17)

Where Y is the output of the Sigmoid function, X is the input to the function, and e is the base of the natural
logarithm.

o The softmax activation function is employed in multi-class classification tasks, transforming a vector of re-
al-valued inputs into a vector of probabilities, where each element corresponds to the likelihood of a particu-
lar class’!. The softmax function is defined in Eq. (18).

e”

Softmax(z;) = ——— (18)

e

Where z; is the input to the softmax function for the i-th class, K is the total number of classes, and e is Euler’s
number. This function ensures that the output probabilities sum to 1, enabling effective classification.
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In this study, Fig. 8 represents the model architecture of the proposed DNBCD model. The DNBCD model
leverages a deep convolutional neural network with transfer learning to improve breast cancer classification. The
core architecture consists of the Densenet121 backbone, additional CNN layers, and a fully connected network
optimized for histopathological and ultrasound image analysis. The model design ensures efficient feature
extraction, propagation, and classification, while reducing computational overhead and enhancing robustness
against variations in imaging conditions.

Densenet121 as the backbone model

Densenet121 is a deep convolutional neural network that utilizes Conv2D, max pooling, zero padding, batch
normalization, dense, and dropout layers to achieve efficient feature extraction and reuse. It begins with an initial
Conv2D layer with a 7x7 kernel, followed by zero padding to maintain spatial dimensions, batch normalization
for stable training, ReLU activation to introduce non-linearity, and max pooling to reduce dimensionality. The
network consists of four dense blocks, each containing multiple Conv2D layers with a 3 x3 kernel, interleaved
with batch normalization and ReLU activation to ensure smooth gradient flow. Between dense blocks, transition
layers apply 1x1 Conv2D for feature compression and 2x2 average pooling for downsampling. The final
classification layer employs global average pooling, a dense layer, and a dropout layer to prevent overfitting before
applying the softmax activation for output classification. Densenet121 employs a densely connected structure,
where each layer receives feature maps from all preceding layers, leading to improved gradient propagation
and feature reuse. In the proposed DNBCD model, Densenet121 is utilized as a feature extractor to enhance
feature reuse and mitigate the vanishing gradient problem. By establishing L(L + 1)/2 direct connections
across L layers, it ensures efficient gradient flow, reducing the risk of degradation in deep networks. Each layer
receives feature maps from all preceding layers, facilitating improved gradient propagation and feature reuse.
The transformation at layer is mathematically represented by Eq. (19).

Iy :Hl([.l‘o,l‘h‘..,z'lfl]) (19)

Where z; denotes the feature map at layer , H; represents the transformation function consisting of Batch
Normalization, ReLU Activation, and Convolution, and [z, Z1, ..., 2;—1] indicates the concatenated feature
maps from all previous layers. This connectivity enables hierarchical feature learning, allowing the model
to extract low-level details such as edges and textures, as well as high-level structural attributes crucial for
identifying complex patterns, such as those associated with breast cancer.

Transfer learning and task-specific adaptation

To enhance generalization and reduce training complexity, the DNBCD model employs transfer learning by
initializing Densenet121 with pre-trained ImageNet weights and fine-tuning it for breast cancer classification’.
The training process consists of two phases. In the feature extraction phase, the first k layers of Densenet121
are frozen, retaining low-level visual feature representations to preserve essential image characteristics such as
texture, shape, and intensity variations. The extracted feature map at layer is given by Eq. (20).

Fy = fo,(I) (20)

Where fj, represents the transformation at layer with frozen parameters 6;.

In the fine-tuning phase, the final layers of the model are unfrozen and retrained using breast cancer images
from the B-400x?® and BUSI*® datasets. The model is optimized using categorical cross-entropy loss, as defined
by Eq. (30).

Custom CNN layers for enhanced feature representation

Following feature extraction from Densenetl21, additional task-specific layers are incorporated to refine
classification accuracy. The Global Average Pooling (GAP) layer converts high-dimensional feature maps into
compact representations’>’4, mathematically expressed by Eq. (21).

Global Average CNN La =
DenseNet-121 y yers
A Ersasaiiii Pooling Transfer Learning

Hidden Layers / /
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Fig. 8. Proposed architecture of DNBCD model.
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H W
1
GAP(z) = mzzxj (21)

i=1 j=1
Where H and W denote the spatial dimensions of the feature map.

Impact on feature representation and classification

The DNBCD model enhances classification reliability and feature discrimination through multiple mechanisms.
Optimized gradient flow is achieved through the dense connectivity of Densenet121, mathematically formulated
in Eq. (22).

-1
VWi = VWi + > VW, (22)

=1

Where VW, is the gradient at layer , VIV, is the gradient at the next layer, and VW, represents the gradients
of the preceding layers.

The network is structured to progressively extract features from the input images. Next we developed a
modified Densenet121 architecture for breast cancer detection, utilizing cnn layers and transfer learning to
boost model efficacy while reducing the dependence on large training datasets. The backbone of our model is
the Densenet121 where has zero padding, conv2D, max pooling and batch normalization layers, which has been
pre-trained on the ImageNet dataset. We excluded the top classification layers to tailor the architecture with the
input shape set to 128 x 128 x 3 to accommodate color images of this dimension. To preserve the pre-trained
features, we initially froze the layers of the base model during training, allowing us to concentrate on the newly
added layers. A Global Average Pooling layer follows the base model, condensing the spatial dimensions of the
feature maps into a single vector for each feature map, thereby summarizing the information for the subsequent
dense layers. The output from this pooling layer is processed through two fully connected (Dense) layers, where
the first layer consists of 512 neurons with a ReLU activation function, introducing non-linearity and enabling
the model to capture complex representations. This is succeeded by a Dropout layer with a rate of 0.5 to help
prevent overfitting. The second Dense layer, containing 128 neurons and also employing ReLU activation,
further refines the features before another Dropout layer with a rate of 0.5 is applied. The final output is produced
by a Dense layer with N neuron which outputs a probability score reflecting the likelihood of breast cancer
presence. In the final output the N is a single neuron with a sigmoid activation function for B-400x?® dataset,
specifically designed for binary classification and the N is a three neurons with a softmax activation function for
BUSI* dataset, specifically designed for multi-class classification. In this study, we also explored three additional
model combinations similar to our proposed architecture, utilizing Mobilenet, Resnet50, and VGG19. Our
proposed model integrates Densenet121, CNN layers, and transfer learning, which we have described in detail
above. Specifically, we implemented alternative configurations: the first model, named T_Mobilenet, replaces
Densenet121 with Mobilenet; the second model, T_Resnet50, substitutes Densenet121 with Resnet50; and the
third model, T_VGG19, employs VGG19 in place of Densenet121. Table 4 represents the overall architectural
structures of trained models. Densenetl21 is characterized by its unique architecture that employs dense
connections, allowing each layer to receive input from all preceding layers. This facilitates easier gradient flow
during training and helps the model leverage previously learned features, promoting efficient feature reuse and
reducing the risk of overfitting. Therefore, we selected Densenet121 as our benchmark model for its effective
balance of complexity, performance, and superior feature reuse in image classification tasks.

Model Details
The DNBCD model is built upon Densenet121, employing transfer learning to leverage pre-trained weights. It incorporates custom CNN layers, a
Proposed DNBCD | Global Average Pooling layer, and Dense layers for final classification. To mitigate overfitting, dropout layers are integrated, and Grad-CAM is utilized

to enhance interpretability of the model’s predictions. The output shape is (None, 3), representing three classes of breast tissue.

T_Mobilenet

T_Mobilenet is developed similarly to DNBCD, utilizing Mobilenet as the backbone. It employs depthwise separable convolutions to maintain
efficiency while minimizing parameters. The architecture includes custom CNN layers and a Global Average Pooling layer, resulting in a classification
output of shape (None, 3).

The T_Resnet50 model is developed similarly to DNBCD, utilizing transfer learning with Resnet50 as the backbone. It incorporates residual

T_Resnet50 connections that facilitate the training of very deep networks by improving the flow of gradients. The model outputs a classification shape of (None, 3).
T VGG19 The T_VGG19 model leverages transfer learning with VGG19 as the backbone, following a structure akin to DNBCD. It consists of multiple
- convolutional layers and max pooling layers designed to capture intricate patterns in image data. The output shape is (None, 3) for classification.

The Densenet121 model comprises an input layer for image data, followed by a series of layers including ZeroPadding2D, Conv2D,

Densenet>? BatchNormalization, and ReLU activation. It features dense blocks and transition layers that enhance feature reuse and facilitate gradient flow,
culminating in a classification output with shape (None, 3).

Mobilenets The Mobilenet model features an input layer for image data, followed by Conv2D and BatchNormalization layers. It utilizes depthwise separable
convolutions to optimize performance while maintaining accuracy, culminating in a classification output with shape (None, 3).

Resnet505 The Resnet50 model includes an input layer for images, followed by a series of convolutional layers and residual blocks. These residual connections
enable the training of deep networks by ensuring effective gradient flow, leading to an output shape of (None, 3).

VGG19% The VGG19 model is structured with several convolutional layers followed by max pooling layers, aimed at extracting deep hierarchical features from

images. It concludes with fully connected layers that output three classes, with an output shape of (None, 3).

Table 4. Overview of trained models, detailing their architectural structures and key features.
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After training the model, its performance is evaluated using the test set, which provides an independent
assessment of the model’s ability to predict breast cancer on unseen data. Key evaluation metrics, including
accuracy, F1 score, recall, precision, MAE, RMSE and auc score, are calculated to quantify the model’s
performance. These metrics guide further improvements and refinements, ensuring greater accuracy and
reliability in detecting and interpreting breast cancer.

Model selection for detecting breast cancer

Following the evaluation phase using various performance metrics like accuracy, precision, recall, f1 score, MAE,
RMSE and auc score, the system employs a model selection process to identify the most accurate and reliable
model for breast cancer detection. The model demonstrating superior performance is chosen for deployment in
subsequent detection stages, ensuring optimal accuracy and robustness in the system’s output’.

Post-classification output explanation

To enhance the interpretability and transparency of the system, an explainable AI (XAI) approach is applied to
the classification results. Techniques such as Grad-CAM are employed to highlight the regions in the ultrasound
images that influenced the model’s decision. This step helps in providing a visual explanation to radiologists or
healthcare professionals, offering insights into how the model arrived at its classification. The integration of Grad-
CAM enhances the interpretability of the DNBCD model by visually highlighting regions in ultrasound images
that contribute to classification decisions. This method enables clinicians to validate whether the model focuses
on diagnostically relevant features rather than irrelevant artifacts, ensuring transparency in medical decision-
making. By generating heatmaps that overlay key areas of interest, Grad-CAM provides a visual confirmation
of the model’s decision-making process, making it more suitable for clinical use. This visualization is crucial for
increasing trust in deep learning models, as it allows radiologists and healthcare professionals to interpret the
model’s predictions in a meaningful way. The following section details the Grad-CAM methodology, including
preprocessing, gradient calculation, and heatmap generation.

« Grad-CAM (Gradient-weighted Class Activation Mapping)*2: In this research, we employ Gradient-weight-
ed Class Activation Mapping (Grad-CAM) to visualize the regions of an image that the DNBCD model pri-
oritizes when making predictions. Grad-CAM is particularly effective for identifying the spatial locations
within an input that contribute most significantly to the model’s classification decision’®. This section details
the Grad-CAM process, which incorporates preprocessing, gradient calculation, and heatmap generation.

« Image preprocessing: The input image [ is first resized to a standard dimension of 128 x 128 pixels to match
the DNBCD model’s input requirements using Eq. (6). The resized image is converted to a numerical array
and normalized by scaling pixel values between 0 and 1 through division by 255. This normalization stand-
ardizes input intensities, which improves model performance and stabilizes gradient-based computations
using Eq. (7).

o Model prediction and class identification: Once preprocessed, the image Iscaled is input into the DNBCD
model to obtain a prediction vector p, where each element corresponds to the model’s confidence in a given
class. The predicted class c is then identified as the index with the highest probability using Eq. (23).

¢ = arg max(p) (23)

Where p represents the model’s probability outputs for all potential classes.

« Gradient computation: To generate the Grad-CAM heatmap, we construct an auxiliary model that outputs
both the final convolutional feature maps Ay, and the prediction scores p. Let Ay, denote the k-th feature map
in the last convolutional layer.

Using automatic differentiation via TensorFlow’s GradientTape, the gradient of the target class score y°
with respect to each feature map Ay, is calculated using Eq. (24).

oy
0Ay

(24)

Where y© denotes the score of the predicted class c.

« Calculation of feature map weights: To emphasize the importance of each feature map, the gradients are
spatially averaged across the feature map dimensions to produce weights o for each Ay. This weighting
effectively reflects the feature map’s influence on the class score using Eq. (25).

1 oy°
= LYY -
i

Where Z = H x W is the total number of pixels in the feature map (height 4 and width ).

o Generation of the Grad-CAM heatmap: The Grad-CAM heatmap L¢,.q.can is produced by computing
a weighted combination of the feature maps Ay, using the previously calculated weights o, as shown in Eq.
(26).
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Léyad-cam = ReLU Z oAy (26)
3

The ReLU (Rectified Linear Unit) function ensures only positive activations are retained, focusing the heatmap
on the most relevant spatial regions.

« Normalization and resizing: The resulting heatmap L¢,.q.cam is normalized by dividing by its maximum
value to ensure that values are scaled between 0 and 1, as shown in Eq. (27).

Lgraa-came

LGrad-CAMC,normalized = (27)
max(LGrad-caMe)
To align with the dimensions of the original image, the heatmap is resized as shown in Eq. (28).
LGrad—CAlVlc,resized = resize (LGrad—CAN[C,normalizedy (Himage7 VVimage)) (28)

Where Lgrad-CAMe,resized 1S the resized heatmap, Lgrad-CAMe normalized is the normalized Grad-CAM
heatmap, and (Himage, Wimage) are the height and width of the original image, respectively.

« Gaussian smoothing and maximum activation highlighting: To enhance interpretability, Gaussian smooth-
ing is applied to the resized heatmap. Additionally, the location of maximum activation in the heatmap, which
corresponds to the region of greatest relevance, is identified by finding the highest intensity point, as shown
in Eq. (29).

(xmax, ymax) = argmax (LGrad—CAMﬁesized) (29)
Where (Zmax, Ymax) are the coordinates of the point of maximum intensity in the resized Grad-CAM heatmap
Lgraa-came

resized

« Heatmap overlay on original image: Finally, the smoothed and resized Grad-CAM heatmap is overlaid on
the original image, with an adjustable transparency setting to visually illustrate the model’s focus. The area
of maximum activation is marked with a circular indicator, highlighting the specific region that contributed
most significantly to the models classification.

By following this methodology, the Deep Neural Breast Cancer Detection System is designed to deliver an
accurate and interpretable solution for detecting breast cancer, leveraging advanced machine learning techniques
and explainable AT for enhanced trust in medical diagnosis.

Result analysis

Experimental setup

The experiment was conducted on Kaggle”” using a system equipped with P100 GPUs, each with 8 GB of RAM,
and an Intel Xeon Platinum 8259CL processor. This setup provided robust computational power for efficient
deep learning model training. The system was built using Python 3.7, with TensorFlow and Keras as the primary
deep learning frameworks. Table 5 presents the hyperparameters used in our experiments, providing insight into
the configuration settings that guided the training process.

Performance measurement parameters

Consider the DNBCD system that predicts the probabilities for a set of classes, denoted by P(y|x), given an
input image x. The true label for this image is denoted as y. The cross-entropy loss measures the dissimilarity
between the predicted probabilities and the true labels. Mathematically, the cross-entropy loss equation is given
by Eq. (30).

N C
1
Loss = N Z Z Yi,c 10g(P(yi,c|z:)) (30)
=1 c=1

Where N is the number of samples in the dataset or batch, C' is the number of classes and y;, is the true label
for the i-th sample and c-th class. P(y; c|z;) is the predicted probability of the i-th sample belonging to the ¢
-th class.

The loss equation sums over all the samples and classes, comparing the true labels with the predicted
probabilities. The term — log(P(yi,c|z;)) penalizes the model more when the predicted probability of the true
class is low, and less when the predicted probability is high?®.

The accuracy is calculated as the ratio of correct predictions to the total number of samples as shown in Eq.
(31).

Scientific Reports |

(2025) 15:17531 | https://doi.org/10.1038/s41598-025-97718-5 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Serial No | Parameter/Technique | B-400x>* BUSI*

1 Optimizer Adam Adam

2 Input size 128 X 128 X 3 128 X 128 X 3

3 Stride 1 1

4 Kernel size 3x3 3x3

5 Tensor shape (None, 128, 128, 3) (None, 128, 128, 3)
6 No. of epochs 20 20

7 Activation Relu Relu

8 Output activation Sigmoid Softmax

9 Initial learning rate 1.0 x 103 1.0 x 103

10 Final learning rate 1.0 x 10°% 1.0 x 1074

11 Batch size 32 32

12 Class mode Binary Categorical

13 Metrics Accuracy Accuracy

14 Loss binary_crossentropy | categorical_crossentropy

Table 5. Hyperparameter values for our proposed DNBCD model.

Number of correct predictions

A = 31
ccuracy ~ (31)
And the Number of correct predictions (NCP) can be expressed as shown in Eq. (32).
N
NCP =) " 6(yi, round(3)) (32)

i=1

Where §(y;, round(9;)) is the Kronecker delta function, which returns 1 if y; is equal to the rounded predicted
value of §j;, and 0 otherwise.

In this study, Fig. 9 presents the performance of various trained state-of-the-art models in terms of loss
and accuracy curves. Panel (a) illustrates the train accuracy curves and (c) represents the validation accuracy
curves, where the x-axis represents the number of epochs and the y-axis represents the model losses, while
panel (b) shows the trained loss curves and (d) represents validation loss curves, with the x-axis denoting
the number of epochs and the y-axis indicating the accuracy values. The performance metrics are evaluated
using the B-400x*® dataset. The curve uses distinct colors to represent the loss curves of the models for clear
differentiation. DNBCD is represented in blue, T_Mobilenet in orange, T_Resnet50 in green, and T_VGG19 in
red. The standard Densenet121 is shown in purple, Mobilenet in brown, Resnet50 in pink, and VGG19 in gray.
The losses are computed using Eq. (30). It is observed that the model losses decrease with increasing epochs,
with the DNBCB model consistently outperforming the others. Notably, the Resnet50 model exhibits the highest
losses, likely due to its residual features. Nevertheless, all models show satisfactory performance after using
our proposed system. We can see all modified models are worked well than the base models. Similarly, Fig.
10 displays the performance curves for loss and accuracy, where Panel (a) illustrates the train accuracy curves
and (c) represents the validation accuracy curves, where the x-axis represents the number of epochs and the
y-axis represents the model losses, while panel (b) shows the trained loss curves and (d) represents validation
loss curves, with the x-axis denoting the number of epochs and the y-axis indicating the accuracy values. The
performance metrics are evaluated using the BUSI*® dataset. As in Fig. 9, the color scheme follows the same
pattern: blue for DNBCB, orange for VGG16, green for Resnet50, red for Mobilenet, and purple for Densenet
The losses are determined using Eq. (30), while the accuracy values are derived from Eq. (31), with Eq. (32)
used to calculate the number of correct predictions. It is evident that the accuracy increases with the number
of epochs, with the DNBCB model again demonstrating superior performance compared to the other models.
The Resnet50 model shows the lowest accuracy, likely due to the impact of its residual features. Despite this, all
models perform well, exhibiting reliable results across the evaluated datasets.

Confusion matrix for our system: The confusion matrix is a matrix that summarizes the predicted and
actual class labels. It consists of four values: True Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN)”°. The primary role of the confusion matrix is to provide a detailed breakdown of the model’s
performance by illustrating how well the classifier distinguishes between different classes. It helps in assessing
classification errors, identifying patterns of misclassification, and understanding model biases. Figures 12 and 11
show the confusion matrix of different trained state-of-art models from B-400x?8 and BUSI*® where the x-axis
contains the predicted labels and the y-axis contains the true label. To evaluate the performance of our proposed
DNBCD model, we utilize several metrics including recall, precision, fl-score, mean absolute error (MAE),
root mean squared error (RMSE), and area under the curve score (AUC) derived from the confusion matrix.
The following formulas, as presented in Egs. (34), (33), (35), (36), (37) and (38) are employed to compute these
metrics.
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Fig. 9. Comparative performance of loss curve and accuracy curve for different systems using B-400x dataset
where (a) represents training accuracy curve, (b) represents training loss curve, (c) represents validation
accuracy curve and (d) represents validation loss curve.

Recall: Recall quantifies the model’s ability to identify all relevant instances, calculated as the ratio of true
positives to all actual positives. High recall indicates that the model effectively identifies most actual positive
cases, which is particularly important in situations where missing a positive instance could have serious
implications. It is given by Eq. (33).

TP

Recall = m (33)

Precision: Precision measures the accuracy of positive predictions, calculated as the ratio of true positives to
all predicted positives. A high precision means that when the model predicts a positive case, it’s usually correct,
which helps reduce the chances of false alarms. It is calculated using Eq. (34).

TP
e TP 4
Precision = TP + TP (34)

F1 score: The F1 Score is the harmonic mean of precision and recall, providing a balance between the two
metrics. This balance is important for ensuring the model accurately identifies cases without generating too
many false alarms. It is calculated using Eq. (35).

Precision x Recall
F1 =2 35
Score x Precision + Recall (35)
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Fig. 10. Comparative performance of loss curve and accuracy curve for different systems using BUSI dataset
where (a) represents training accuracy curve, (b) represents training loss curve, (c) represents validation
accuracy curve and (d) represents validation loss curve.

Mean absolute error (MAE): MAE measures the average magnitude of errors in predictions, calculated as the
ratio of the sum of false positives and false negatives to the total number of instances. This metric plays a crucial
role in assessing the accuracy of a model’s predictions, helping to understand how close the predicted values are
to the actual outcomes. It is defined by Eq. (36).

FP + FN

MAE = 5 TN+ FP 1 FN (36)

Root mean squared error (RMSE): RMSE measures the square root of the average squared differences between
predicted and actual values, highlighting larger errors more than smaller ones. This metric is vital for assessing
model performance, as it highlights significant discrepancies in predictions. It is expressed in Eq. (37).

FP + FN
MSE = 37
RMS \/TP+TN+FP+FN (37)

Area under the curve score (AUC): The AUC represents the area under the Receiver Operating Characteristic
(ROC) curve, which plots the True Positive Rate (TPR) against the False Positive Rate (FPR) at various threshold
settings. It is crucial for assessing a model’s ability to differentiate between classes across various thresholds. It is
calculated in Eq. (38).
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Fig. 11. Confusion matrix for different trained models using Breakhis-400x dataset where (a) represents
confusion matrix of DNBCD, (b) represents confusion matrix of T_Mobilenet, (c) represents confusion
matrix of T_ResnetNet50, (d) represents confusion matrix of T_VGG19, (e) represents confusion matrix of
Densnet121, (f) represents confusion matrix of Mobilenet, (g) represents confusion matrix of Resnet50, and
(h) represents confusion matrix of VGGI09.

AUC = / h TPR(z) dFPR(z) (38)

oo

Where TPR (True positive rate) is also known as recall, and FPR (False Positive Rate) is the proportion of false
positives out of all actual negatives. FPR can be expressed as shown in Eq. (39).

FP

“FP+ TN (39)

FPR

In this study, we employed statistical significance tests to compare the performance of DNBCD with various
state-of-the-art models. Two key parameters, the T-statistic and the P-value, play crucial roles in determining
the significance of these comparisons.

T-statistic: The T-statistic measures the size of the difference between two sample means relative to the
variation in the sample data. A higher absolute value of the T-statistic indicates a greater difference between the
groups being compared®. The T-statistic is calculated using Eq. (40).
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Fig. 12. Confusion matrix for different trained models using Breakhis-400x dataset where (a) represents
confusion matrix of DNBCD, (b) represents confusion matrix of T_Mobilenet, (c) represents confusion
matrix of T_ResnetNet50, (d) represents confusion matrix of T_VGG19, (e) represents confusion matrix of
Densnet121, (f) represents confusion matrix of Mobilenet, (g) represents confusion matrix of Resnet50, and
(h) represents confusion matrix of VGGI09.

XX

S

N

T

(40)

Where X; and X are the sample means, s is the pooled standard deviation, and n is the sample size.

P-value: The P-value indicates the probability of observing the data, or something more extreme, given that
the null hypothesis is true. A low P-value (typically < 0.05) suggests that the observed difference is statistically
significant, leading to a rejection of the null hypothesis®’. The P-value can be expressed in relation to the T-
statistic in Eq. (41).

P-value = P(T >t | Ho) (41)
Where Hy is the null hypothesis (e.g., no difference between models) and ¢ is the computed T-statistic.

These metrics help determine whether the differences in performance between DNBCD and the other
models are statistically significant.
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Comparative analysis of the performances of the proposed system with state of the arts
models

The current investigation, we trained several state-of-the-art deep learning models using two datasets. Overall,
the models achieved strong results, with our proposed DNBCD model demonstrating the highest performance.
Table 6 presents the performance metrics for all trained models, including accuracy, precision, recall, F1 score,
mean absolute error (MAE), and root mean square error (RMSE). These metrics were calculated using the
following equations: Eq. (31) for accuracy, Eq. (34) for precision, Eq. (33) for recall, Eq. (35) for F1 score, Eq. (36)
for mean absolute error, Eq. (37) for root mean square error and Eq. (38) for auc score. For the B-400x?® dataset,
our proposed DNBCD model achieved an impressive accuracy of 93.97%, alongside a remarkable F1 score of
95.45% and an auc score of 99.24%. Additionally, the model recorded a low loss of 0.1607, a mae of 0.0603, and
a rmse of 0.2455. While DNBCD secured the second-highest precision at 97.47% and recall at 93.52%, these
metrics still reflect its exceptional overall performance in cancer detection. Conversely, in the BUSI* dataset, the
DNBCD model excelled by achieving the highest performance across all metrics. This includes an accuracy of
89.87%, a remarkable F1 score 0of 90.00%, an auc score of 97.75%, a precision 0of 91.11%, and a recall of 89.87%.
The model also recorded the lowest mae of 0.1392 and a rmse of 0.4639. Notably, the loss of our proposed
DNBCD model was the third lowest at 0.4095. These results underscore the robustness and effectiveness of the
DNBCD model, highlighting its potential for accurate cancer detection across diverse datasets. Together, these
metrics provide a comprehensive evaluation of the models’ predictive capabilities, highlighting the superior
performance of our proposed DNBCD model.

In this research, Figs. 13, barspschartspsloss, barspschartspsflspsscore, barspschartspsrecall,
barspschartspsprecision, barspschartspsmae, barspschartspsrmse and barspschartspsauc  display the
performance metrics for the trained state-of-the-art models on both datasets. The x-axis represents the different
trained models, while the y-axis indicates accuracy, loss, F1 score, recall, precision, MAE, and RMSE for each
model where use distinct colors to represent each model: DNBCD is represented by dark red, T_Mobilenet is
represented by pinkish-red (Figs. 14, 15, 16,17, 18, 19, 20), T_Resnet is represented by orange-yellow, T_VGG19
is represented by bright blue, Densenet is represented by green, Mobilenet is represented by teal-blue, Resnet is
represented by purple, and VGG19 is represented by magenta-pink. The results indicate that the DNBCD model
consistently outperforms the other models across all metrics. However, it’s important to highlight that on the
B-400x28 dataset, the T_Mobilenet model achieved the highest F1 score, while the T_Resnet model demonstrated
the best precision. In contrast, the T_VGG19 model had the lowest loss on the BUSI*® dataset. Nonetheless, our
proposed DNBCD model demonstrates overall superior performance on both datasets. This comparison further
illustrates that the DNBCD model outperforms other models in terms of all evaluated metrics.

In this study, Table7 presents the performance metrics of the proposed DNBCD model across multiple
runs for the B-400x*® and BUSI? datasets, with results shown as averages along with their standard deviations
(indicated by +). This representation allows us to assess the model’s consistency and reliability. For the B-400x%3
dataset, the average accuracy was 93.90 with a standard deviation of 0.4061, indicating that the model performed
consistently well across different runs, showing minimal fluctuation in performance. Similarly, for the BUSI*
dataset, the average accuracy is 89.87 with a standard deviation of 1.0329. While this value is slightly lower
than that of the B-400x?® dataset, the relatively low standard deviation suggests that the model maintains stable
performance on this dataset. Overall, the DNBCD model demonstrates higher performance metrics compared
to existing works shown in Table 10, showcasing its effectiveness and reliability in classification tasks across both

Dataset | Model Accuracy | Loss F1 Score | Precision | Recall | MAE | RMSE | AUC
Proposed DNBCD | 93.97 0.1607 | 95.45 97.47 93.52 | 0.0603 | 0.2455 | 99.24
T_Mobilenet 92.33 0.2453 | 94.12 97.82 90.69 |0.0767 | 0.2770 | 98.23
T_Resnet 67.40 1.2267 | 80.52 67.58 99.60 | 0.3260 | 0.5710 | 62.80

B400x2 T_VGG19 89.04 0.2875 | 91.45 96.83 86.64 | 0.1096 | 0.3310 | 96.76
Densenet’? 68.22 0.5796 | 73.64 83.94 65.59 |0.3178 | 0.5637 | 77.99
Mobilenet> 69.32 0.6062 | 73.83 87.29 63.97 |0.3068 | 0.5539 | 77.21
Resnet50>* 66.30 0.6881 | 78.53 69.02 91.09 |0.3370 | 0.5805 | 52.62
VGG19% 68.22 0.6553 | 73.27 85.03 64.37 |0.3178 | 0.5637 | 76.68
Proposed DNBCD | 89.87 0.4095 | 90.00 91.11 89.87 |0.1392 | 0.4639 | 97.75
T_Mobilenet 86.71 0.3654 | 86.85 87.87 86.71 |0.1772 | 0.5156 | 97.13
T_Resnet 70.25 0.6740 | 70.07 71.36 70.25 |0.3797 | 0.7378 | 88.64

BUSE® T_VGG19 85.44 0.3306 | 85.17 87.24 85.44 |0.1930 | 0.5366 | 96.64
Densenet® 77.22 0.5110 | 77.67 80.37 77.22 {03165 |0.7026 | 92.89
Mobilenet* 79.11 0.4804 | 79.44 81.29 79.11 |0.2627 | 0.6085 | 93.40
Resnet50>* 3291 1.0398 | 23.62 70.33 3291 |0.9367 | 1.2118 | 73.12
VGG19% 71.84 0.8764 | 72.54 75.75 71.84 |0.3987 | 0.7956 | 89.17

Table 6. Performance comparison of different trained state-of-the-art models with varying parameters for
B-400x and BUSI datasets. Significant values are in bold.
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Fig. 13. Accuracy comparison of different trained state-of-the-art models for B-400x and BUSI datasets
using bar charts, where (a) represents accuracy comparison for B-400x dataset, and (b) represents accuracy
comparison for BUSI dataset.
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Fig. 14. Loss comparison of different trained state-of-the-art models for B-400x and BUSI datasets using bar
charts, where (a) represents loss comparison for B-400x dataset, and (b) represents loss comparison for BUSI

dataset.
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Fig. 15. F1-score comparison of different trained state-of-the-art models for B-400x and BUSI datasets
using bar charts, where (a) represents F1-score comparison for B-400x dataset, and (b) represents F1-score
comparison for BUSI dataset.
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Fig. 16. Recall comparison of different trained state-of-the-art models for B-400x and BUSI datasets using
bar charts, where (a) represents recall comparison for B-400x dataset, and (b) represents recall comparison for

BUSI dataset.
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Fig. 17. Precision comparison of different trained state-of-the-art models for B-400x and BUSI datasets
using bar charts, where (a) represents precision comparison for B-400x dataset, and (b) represents precision
comparison for BUSI dataset.
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Fig. 18. Mean Absolute Error (MAE) comparison of different trained state-of-the-art models for B-400x and
BUSI datasets using bar charts, where (a) represents MAE comparison for B-400x dataset, and (b) represents
MAE comparison for BUSI dataset.
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Fig. 19. Root Mean Square Error (RMSE) comparison of different trained state-of-the-art models for B-400x
and BUSI datasets using bar charts, where (a) represents RMSE comparison for B-400x dataset, and (b)
represents RMSE comparison for BUSI dataset.
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Fig. 20. AUC Score comparison of different trained state-of-the-art models for B-400x and BUSI datasets
using bar charts, where (a) represents AUC score comparison for B-400x dataset, and (b) represents AUC score
comparison for BUSI dataset.

B-400x28

Proposed DNBCD | 93.90 + 0.4061 | 0.2479 +0.1013 | 95.52 + 0.2770 | 95.04 + 1.5461 | 96.05 + 1.4717 | 0.0610 + 0.0041 | 0.2468 + 0.0083 | 98.58 + 0.6701

BUSI*®

Proposed DNBCD | 89.87 +1.0329 | 0.4194 + 0.0782 | 89.96 + 0.9557 | 90.71 £ 0.6133 | 89.87 +1.0329 | 0.1361 + 0.0221 | 0.4506 + 0.0518 | 97.37 + 0.4819

Table 7. Performance metrics of the proposed DNBCD model evaluated across multiple runs for the B-400x
and BUSI datasets, presenting the average performance with corresponding standard deviations.

datasets. The consistency in the performance metrics indicates that the model is robust and can be expected to
yield reliable results in practical applications. Figure 21 illustrates the performance metrics with error bars for
our proposed DNBCD model, providing a comprehensive overview of its predictive capabilities. The dark red bar
represents accuracy, highlighting the model’s effectiveness in correctly classifying instances, while the pink bar
denotes precision, which measures the proportion of true positive predictions relative to all positive predictions.
The orange bar indicates recall, reflecting the model’s ability to accurately identify all relevant instances. The
light blue bar represents the F1 score, which balances precision and recall to provide a singular measure of
performance. Additionally, the green bar illustrates the MAE, indicating the average magnitude of errors in
predictions, while the light sky blue bar denotes the RMSE, emphasizing larger errors more significantly. The
light pink bar signifies the AUC score, which evaluates the model’s ability to differentiate between classes across
various thresholds. Finally, the lavender bar represents model loss, indicating the average error incurred during
predictions. Each bar is accompanied by black error bars that represent the standard deviation for each metric,
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Fig. 21. Performance metrics with error bars for the B-400x and BUSI datasets where (a) represents
performance with error bars using the B-400x dataset and (b) represents performance with error bars using
the BUSI dataset, and Each colored bar denotes a different metric, and black error bars indicate the standard
deviation across multiple runs.

Configuration | Train dataset Test dataset Performance (%) | Category
Configuration A | B-400x% B-400x% 93.97 Intra dataset
Configuration B | B-400x%® B-100x8 80.32 Intra dataset
Configuration C | B-100x%* B-100x28 97.95 External dataset
Configuration D | B-100x% B-400x% 76.44 External dataset
Configuration E | B-100x® + B-400x*® | B-400x?® 94.52 Merge dataset
Configuration F | B-100x?® + B-400x?® | B-100x%® 98.47 Merge dataset
Configuration G | B-100x?® + B-400x*® | B-100x?® + B-400x** | 96.90 Merge dataset

Table 8. Performance accuracy with different dataset configurations.

indicating the variability and uncertainty of the performance across multiple runs. This detailed visualization
enables a clear comparison of the DNBCD model’s performance, revealing both its strengths and potential areas
for enhancement.

In this research, we also evaluated our proposed model using an external set named Breakhis-100x (B-100x)%,
which is part of the Breakhis dataset?, to assess its generalization properties. Table 8 displays the performance
accuracy across different configurations. Configurations A and B utilized the internal dataset, training the model
with the B-400x23 dataset. In contrast, Configurations C and D involved the external dataset, with training
conducted on the B-100x?® dataset. Finally, Configurations E, F, and G represented merge datasets, training the
model using both B-100x?® and B-400x® datasets. Notably, Configuration B, which tested on the B-100x dataset,
achieved an accuracy of 80.32%, demonstrating solid performance. The merge dataset configurations showed
even better results: Configuration E reached an accuracy of 94.52%, Configuration F achieved an impressive
98.47%, and Configuration G recorded a performance of 96.90%. These results indicated that merging the
datasets significantly enhanced model performance, suggesting that our proposed model was well-constructed
and effectively performed on similar types of images from external datasets.

In this study, Table 9 represents the results of statistical significance tests comparing DNBCD with state-of-
the-art trained models. Each comparison demonstrates that our proposed model, DNBCD, achieved significant
T-statistic values and low P-values against all other models, indicating its effectiveness and superiority in
performance.

Additionally, we compared our results with existing work, as shown in Table 10, which also utilized these two
datasets. Notably, our proposed DNBCD model surpassed the performance of other methods, demonstrating its
superiority. Figure 22 provides a comparative analysis based on the BUSI*® dataset and the B-400x*® dataset®®,
respectively. Where (a) represents accuracy comparison for the B-400x?® dataset where the x-axis displays the
authors, while the y-axis represents the performance metrics. The dark red bar corresponds to our proposed
model, the bright pink bar represents the Ogundokun ei al.?3, the orange bar corresponds to the Ahmed ei al.%,
the blue bar represents the Gupta ei al.?, the green bar corresponds to another Ogundokun ei al.*®, the sky blue
bar represents the Yamlome ei al.*’, and the purple bar corresponds to the Gupta ei al.?®. The results show that
our proposed model performs significantly better than the others. On the other hand (b) represents accuracy
comparison for the BUSI* dataset where the x-axis lists the authors and models used, while the y-axis represents
the performance metrics. The dark red bar corresponds to our proposed model, the bright pink bar represents
the Munteanu ei al.¥, the orange bar represents the Pacal ei al.*’, the blue bar corresponds to the Alotaibi ei
al.%., the green bar represents the Isik ei al.*2, the sky blue bar represents the Gheflati ei al.*3, the light pink bar
represents Tagnamas ei al.*4, the purple bar corresponds to the Sirjani ei al.*>, and the dark pink bar represents
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DNBCD vs. T_Mobilenet | 4.4762 0.0065 | Significant
DNBCD vs. T_Resnet 3.3723 0.0198 | Significant
DNBCD vs. T_VGG19 5.8716 0.0020 | Significant
DNBCD vs.Densenet®? | 5.0595 0.0039 | Significant
DNBCD vs. Mobilenet™ | 6.6646 0.0011 | Significant
DNBCD vs. Resnet50°* | 8.3633 0.0004 | Significant
DNBCD vs. VGG19>° 10.7553 0.0001 | Significant

Table 9. Statistical significance tests of DNBCD with state-of-the-art trained models.

Proposed DNBCD 93.97
Ogundokun et al.® | Hybrid CNN-ANN 89.15
Ahmed et al.>* Quantum-Optimized AlexNet | 93.67
B-400x?® | Gupta et al.?® XSV+SRF 88.98
Ogundokun et al.® | Mobilenet+SVM 91.50
Yamlome et al.¥” Transfer+CNN 89.15
Gupta etal.® Fine-tuned Resnet 90.85
Proposed DNBCD 89.87
Munteanu et al.* UNet+CNN 86
Pacal et al.% Vision Transformer 88.6
Alotaibi et al.*! VGG19 87.8
BUSI*® Isik et al.*? ProtoNet+Resnet50 88.9
Gheflati et al.# ViTs 86.7
Tagnamas et al.** SCA-InceptionUNeXt 81.66
Sirjani et al.*® InceptionV3 81
Zhang et al.* HAU-Net 83.11
Table 10. Performance comparison of different existing works with varying parameters for B-400x and BUSI

dataset. Significant values are in bold.
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Fig. 22. Performance comparison of existing research with accuracy in graphical form, where (a) represents
accuracy comparison using B-400x dataset and (b) represents accuracy comparison using BUSI dataset.
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the Zhang ei al.*®. The results indicate that our proposed model significantly outperformed the other models on
the BUSI? dataset.

In this study, Table 11 presents a technical comparison of various trained state-of-the-art models evaluated
on the B-400x?® and BUSI?® datasets, highlighting critical parameters such as trainable and non-trainable
parameters, optimizers, total parameters, and training and testing times. Our proposed DNBCD model, with a
total of 22,716,997 parameters, demonstrates a robust architecture designed for capturing complex features in
breast cancer imaging. Despite its relatively high training time (TT: Total Training Time of 184.84 seconds for
B-400x?® and 236.45 seconds for BUSI?), this is justified by its ability to deliver more accurate diagnostic results.
In comparison, while models like T_Resnet exhibit even greater complexity with 74002315 parameters, the
DNBCD model effectively balances complexity and efficiency, ensuring that the time invested in training (FTTT:
Final Total Training Time) and testing (TsT: Total Testing Time) translates into enhanced diagnostic capabilities.
This analysis underscores the importance of developing models that not only excel in accuracy but also remain
practical for clinical deployment, thereby contributing significantly to advancements in breast cancer diagnosis.

The current investigation, we explored the image enhancement technique known as Contrast Limited
Adaptive Histogram Equalization (CLAHE). Despite its intention to improve image contrast, our results showed
no performance increase for the B-400x dataset®®, where the accuracy of our proposed model was 86.85%.
Similarly, for the BUSI dataset®, the accuracy was only 73.10%. These findings suggest that CLAHE did not
enhance model performance as expected. They highlight that techniques such as resizing, normalization, and
data augmentation have proven to be more effective than image enhancement in our experiments. As a result, we
conclude that image enhancement methods like CLAHE may not be suitable for building our proposed model.

This analysis demonstrates that the proposed model consistently outperforms all other models on both
datasets, suggesting its superior capability in addressing the task at hand. According to these observations, our
proposed DNBCD system exhibits highly accurate detection of breast cancer. Furthermore, we utilize the Grad-
CAM technique to provide insightful visual explanations of the model’s outputs. This method highlights the
regions of the input images that significantly contribute to the model’s decision-making process, enhancing the
interpretability of the results.

Result discussion
In this study, the DNBCD model’s performance analysis, several key insights emerged. The model achieved high
accuracy and consistently outperformed baseline architectures, demonstrating its effectiveness in classifying
breast cancer images. The Grad-CAM visualizations provided a transparent view into the model’s decision-
making by highlighting regions in the images that significantly influenced classifications. This interpretability
is especially valuable in medical applications, as it allows healthcare professionals to validate and trust the
model’s predictions. Additionally, performance metrics such as accuracy, F1 score, and recall suggest the model’s
robustness across different datasets. Observed patterns, such as increased precision for benign cases and higher
recall in malignant classifications, indicate that the model is adept at distinguishing subtle differences between
categories. Overall, these results underscore the model’s potential for practical application in clinical settings,
offering an efficient, reliable, and interpretable tool for breast cancer diagnosis.

In this research, Figs. 23 and 24 illustrate the DNBCD model’s prediction output for both datasets. Figure
23 represents the output sample for a histopathology image sample from the B-400x dataset, while Fig. 24
shows the output sample for a ultrasound image sample from the BUSI dataset. The first panel (left) presents
the original tissue sample, while the second panel (center) displays the model’s classification, labeled “Benign,”
indicating no malignant features. The third panel (right) displays the Grad-CAM heatmap, highlighting regions

Dataset | Model Trainable | Non-trainable | Optimizer | Total params | TT FITT | TsT
Proposed DNBCD | 7544449 | 83648 15088900 | 22716997 184.84 |335.47 |4.48
T_Mobilenet 3797569 | 21888 7595140 | 11414597 155.14 | 177.32 | 1.53
T_Resnet 24649473 | 53120 49298948 | 74001541 163.66 |224.24 |2.15

B-400:2% T_VGG19 20352833 | 0 40705668 | 61058501 160.45 | 174.02 | 2.72
Densenet® 1025 7037504 2052 7040581 176.02 | - 5.02
Mobilenet®® 1025 3228864 2052 3231941 143.95 | - 1.56
Resnet50>* 2049 23587712 4100 23593861 156.85 | - 1.96
VGG19%® 513 20024384 1028 20025925 147.37 | - 1.23
Proposed DNBCD | 7544707 | 83648 15089416 | 22717771 236.45 | 397.70 | 8.44
T_Mobilenet 11415371 | 3797827 21888 7595656 191.06 |217.88 |2.90
T_Resnet 74002315 | 24649731 53120 49299464 209.21 | 263.13 | 3.66

BUSE T_VGG19 61059275 | 20353091 0 40706184 197.11 |211.81 |4.74
Densenet’? 7046731 | 3075 7037504 6152 217.84 | - 5.58
Mobilenet® 3238091 | 3075 3228864 | 6152 186.21 | - 2.36
Resnet50°* 23606155 | 6147 23587712 | 12296 195.19 | - 2.85
VGG19%® 20029003 | 1539 20024384 | 3080 191.46 | - 2.09

Table 11. Technical comparison of different trained state-of-the-art models with varying parameters for
B-400x and BUSI datasets.
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Fig. 23. Example output of DNBCD system for detecting breast cancer from the Break-400x dataset the first
panel (left) representing original image having breast cancer, second panel (center) predicted class of benign
from the original image, and third panel (right) GradCam heatmap image for explaining detected breast cancer
region indicated with red and yellow color and marked by black circle for most affected area.

Grad-CAM Heatmap with Circle Marking

Fig. 24. Example output of DNBCD system for detecting breast cancer from the BUSI Dataset the first panel
(left) representing original image having breast cancer, second panel (center) predicted class of benign from the
original image, and third panel (right) GradCam heatmap image for explaining detected breast cancer region
indicated with red and yellow Color and marked by black circle for most affected area.

that are significant to the model’s decision. Warmer colors (red and yellow) indicate areas of interest, with red
representing the highest affected regions and yellow indicating lower impact. The black circle highlights the
most critical area identified by the model. Blue color areas are non-influential in this classification. On the other
hand, Figs. 25 and 26 illustrate the DNBCD model’s prediction output for both datasets. Figure 25 represents the
output sample for a histopathology image sample from the B-400x dataset, while Fig. 26 shows the output sample
for a ultrasound image sample from the BUSI dataset. The first panel (left) presents the original tissue sample,
while the second panel (center) displays the model’s classification, labeled “Malignant,” indicating no benign
features. The third panel (right) displays the Grad-CAM heatmap, highlighting regions that are significant to the
model’s decision. Warmer colors (red and yellow) indicate areas of interest, with red representing the highest
affected regions and yellow indicating lower impact. The black circle highlights the most critical area identified
by the model. Blue color areas are non-influential in this classification.

In this study, Fig. 27 illustrates the DNBCD model’s prediction output for a histopathology image sample.
The first panel (left) displays the original tissue sample, while the second panel (center) shows the model’s
classification as “Normal,” indicating the absence of benign or malignant features. In contrast, Fig. 28 shows
another sample where the model’s prediction is “Benign.” The first panel (left) presents the original tissue sample,
and the second panel (center) displays the model’s “Benign” classification, indicating no malignant features.
The third panel (right) includes a Grad-CAM heatmap, highlighting regions the model deemed significant for
its decision. Warmer colors (red and yellow) denote areas of interest, with red representing the most affected
regions and yellow indicating lesser impact. The black circle marks the area of highest model focus, while blue
areas are considered non-influential. However, this prediction is incorrect; the correct label is “Normal” The
primary reason for this misclassification is a prominent white line in the original image, which does not indicate
cancer but resembles benign features. This artifact likely led the DNBCD model to incorrectly classify the sample
as “Benign”
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Fig. 25. Example output of DNBCD system for detecting breast cancer from the Break-400x dataset the first
panel (left) representing original image having breast cancer, second panel (center) predicted class of malignant
from the original image, and third panel (right) GradCam heatmap image for explaining detected breast cancer
region indicated with red and yellow color and marked by black circle for most affected area.
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T

Fig. 26. Example output of DNBCD system for detecting breast cancer from the BUSI dataset the first panel
(left) representing original image having breast cancer, second panel (center) predicted class of malignant from
the original image, and third panel (right) GradCam heatmap image for explaining detected breast cancer
region indicated with red and yellow color and marked by black circle for most affected area.

Additionally, we integrated Grad-CAM to enhance the transparency and interpretability of our DNBCD
model, significantly improving the user experience. A major challenge with deep learning models is their “black-
box” nature, making it difficult to understand how decisions are made. Grad-CAM addressed this by generating
a heatmap that highlights the most important regions in an image, showing which areas influenced the model’s
classification. This was done by computing gradients of the predicted class score relative to the final convolutional
layer. For better clarity, we overlaid the heatmap onto the original image, where high-intensity areas in red
indicated the most relevant regions. The circle was drawn at the most activated region in the heatmap, found
using np . argmax (), with its center being the highest intensity pixel. After determining the center, a 20-pixel
radius circle was placed around this area, visually marking the model’s key decision zone. This transparency
allowed radiologists to cross-check AI predictions with medical expertise. By improving visual explanations,
Grad-CAM increased trust in deep learning models, making AI-based breast cancer detection more explainable,
reliable, and suitable for real-world clinical applications.

Limitations and future works

Limitation

While the DNBCD model shows promise, several limitations must be acknowledged regarding its deployment.
A key concern is variability in image quality across datasets, influenced by factors such as lighting and resolution,
which can hinder performance and generalizability. To address this, future work should incorporate a broader
range of imaging conditions during training. The model’s training primarily on the Breakhis-400x and BUSI
datasets may limit its generalizability to diverse breast cancer imaging data encountered in clinical environments.
Validating the model on a wider array of datasets that reflect various demographics and imaging modalities
is essential. Despite attempts to mitigate class imbalance through weighting, this issue remains, particularly
for underrepresented classes. This imbalance can significantly affect performance metrics, such as recall and
precision. For instance, in Table 6, the T_Resnet model demonstrates the highest recall on the Breakhis-400x
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Original Image Predicted Class: Normal

Fig. 27. Example output of DNBCD system for detecting non-breast cancer from the BUSI dataset the first
panel (left) representing original image having non-breast cancer, second panel (right) predicted class of
normal.
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Fig. 28. Example output of DNBCD system for incorrect detecting breast cancer from the BUSI dataset the
first panel (left) representing original image having non-breast cancer, second panel (center) predicted class
of benign from the original image, and third panel (right) Grad Cam heatmap image for explaining detected
breast cancer region indicated with red and yellow color and marked by black circle for most affected area.

dataset, but its precision is notably lower. Similarly, the BUSI dataset shows a disparity between recall and
precision metrics, indicating that the model may excel in identifying certain classes while underperforming in
others. Future research should explore strategies such as oversampling, synthetic data generation, or ensemble
methods to better address this imbalance and improve the model’s overall performance across all classes. Lastly,
the model’s complexity results in higher computational time compared to simpler models, posing challenges for
real-time clinical application. Balancing accuracy with computational efficiency will be crucial in future iterations
of the DNBCD system. By addressing these limitations, we can improve the robustness and applicability of the
DNBCD model in real-world clinical settings.

Future work

This research demonstrates the potential of the DNBCD system to significantly enhance breast cancer diagnosis
accuracy, thereby supporting healthcare providers in making early, informed decisions. Future work addresses
identified limitations by extending the system’s capability to handle more diverse and balanced datasets and
progressing toward a clinical-grade diagnostic tool. Planned enhancements include fine-tuning the model
for real-world deployment in clinical settings and incorporating additional multimodal imaging data, such as
MR, alongside existing ultrasound and histopathological images, to increase robustness and generalizability.
Exploring advanced attention mechanisms may further improve the model’s ability to focus on relevant features,
leading to richer diagnostic insights. By overcoming these challenges and following a clear development timeline,
we aim to create a practical, highly accurate diagnostic tool for widespread deployment, ultimately contributing
to improved patient outcomes through the early and precise diagnosis of breast cancer.
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Conclusion

This study presents the Deep Neural Breast Cancer Detection (DNBCD) system, a sophisticated deep learning-
based framework tailored for accurate and automated breast cancer detection. The system leverages advanced
preprocessing techniques and a deep convolutional neural network (CNN) architecture, complemented by
interpretability , Gradient-weighted Class Activation Mapping (Grad-CAM) technique, which provides visual
explanations of the model’s decisions. The experimental results of the proposed model with the B-400x and BUSI
datasets, demonstrate a robust capability to classify breast cancer cases with impressive accuracy higher than
the existing approach for both datasets. The high performances indicate that DNBCD is highly accurate and
adaptable across different imaging modalities, making it a versatile tool in breast cancer diagnostics. Importantly,
DNBCD goes beyond classification by highlighting cancerous regions within images, allowing clinicians
to visually interpret the areas that most influence the model’s predictions. The integration of interpretability
through Grad-CAM is a critical asset, as it addresses the limitations of deep learning models in medical
applications, which is the lack of transparency. By visually marking affected regions, DNBCD enables healthcare
professionals to understand the model’s reasoning, which is essential for clinical adoption. This capability not
only aids in confirming the models findings but also serves as an educational tool for understanding subtle
patterns in both cancerous and non-cancerous tissues. Overall, these results underscore DNBCD’s potential as a
reliable diagnostic tool, providing healthcare professionals with a resource that could significantly improve early
detection and diagnosis of breast cancer. The system’s high accuracy, combined with its interpretability, positions
it as a promising advancement in digital health technology. In the future, our plan is to create a practical, highly
accurate tool for widespread use, eventually enhancing patient outcomes by promoting early and precise breast
cancer diagnosis.

Data availability

In the study, we used Breakhis-400x (B-400x), Breakhis-100x (B-100x) and Breast Ultrasound Images (BUSI)
publicly available datasets, which can be downloaded from the below link: B-400x and B-100x Datasets (Public-
ly Available Dataset): https://web.inf.ufpr.br/vri/databases/breast-cancer-histopathological-database-breakhis/.
BUSI (Publicly Available Dataset): https://www.kaggle.com/datasets/aryashah2k/breast-ultrasound-images-da
taset.
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