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Abstract— Breast cancer remains a major global 

health issue, where early and precise diagnosis 

plays a critical role in improving patient 

outcomes. Mammogram imaging is widely used 

for detection, but interpreting these images 

requires expert knowledge and can be both time-

consuming and complex. Although deep learning 

techniques have shown strong potential in medical 

image analysis, one of the key challenges is the 

presence of imbalanced datasets, which often leads 

to biased and less reliable models. 

In this work, we propose a novel deep learning 

framework for breast cancer classification using 

mammogram images. The proposed system 

introduces a dual-module strategy to effectively 

address data imbalance using the Synthetic 

Minority Over-sampling Technique (SMOTE). In 

the first module, SMOTE is applied to the entire 

dataset to create a balanced training set. In the 

second module, 20% of the original imbalanced 

data is reserved for evaluation, while SMOTE is 

applied to the remaining 80% to improve model 

learning. 

The framework combines a block-wise 

Convolutional Neural Network (CNN) 

architecture, where VGG16 is used for input 

preprocessing and standardization, and ResNet50 

is employed for robust feature extraction. The 

extracted features are then passed through a fully 

connected classification network consisting of 

multiple dense layers, along with batch 

normalization and dropout techniques to reduce 

overfitting. After several iterations, the final 

model includes three dense layers with 128, 256, 

and 128 neurons, and a dropout rate of 0.5. 

Experimental results demonstrate that the 

proposed model achieves an accuracy of 99% on 

the balanced dataset and 90% on the imbalanced 

evaluation set. Additionally, the framework 

incorporates an interpretable visualization 

mechanism to analyze predictions across different 

classes, improving transparency in decision-

making. 

Overall, this approach significantly enhances the 

accuracy and reliability of breast cancer detection 

from mammogram images. By effectively 

handling data imbalance and providing 

interpretable outputs, the proposed framework 

contributes to the advancement of computer-aided 

diagnosis systems and can be extended to other 

medical imaging applications. 

Keywords— Breast cancer, BI-RADs, 

classification, deep learning, features extractions, 

imbalance data, Neural network, pre-trained 

models. 

I. INTRODUCTION 

Breast cancer (BC) is one of the most prevalent and 

life-threatening diseases affecting women worldwide, 
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contributing significantly to global cancer-related 

mortality [3], [6]. Despite notable progress in 

treatment strategies, awareness campaigns, and 

screening technologies, the number of breast cancer 

cases continues to rise steadily. Global reports 

indicate a substantial increase in incidence over the 

past decade, highlighting the urgent need for 

effective diagnostic solutions [3]. Survival rates 

differ across regions, with developed countries 
achieving higher recovery rates compared to low-

income regions, where limited access to healthcare 

services and early screening programs leads to poorer 

outcomes [6]. 

Early diagnosis plays a vital role in improving patient 

survival, with studies showing that timely detection 

can significantly enhance treatment success rates [8]. 

Several imaging techniques, including 

mammography, ultrasound, magnetic resonance 

imaging (MRI), and biopsy, are commonly employed 

for breast cancer detection [7], [10], [11]. However, 

these diagnostic methods are not without limitations. 

Mammography, although widely used, may produce 

inaccurate results in certain cases, particularly in 

patients with dense breast tissue [7]. Biopsy 

procedures, while more definitive, are invasive and 

may lead to complications such as discomfort or 

infection [12]. Ultrasound imaging may fail to detect 

early indicators such as microcalcifications, while 

MRI, though highly sensitive, is expensive and can 

lead to unnecessary follow-up procedures due to 

false-positive findings [10], [13]. 

In addition to these challenges, radiologists often face 

issues such as high workload, variability in 

interpretation, and the complexity of medical images, 
which can affect diagnostic accuracy [13]. Studies 

have demonstrated that differences in expertise and 

experience among radiologists can lead to 

inconsistencies in diagnosis, including both 

overdiagnosis and missed detections [14]. 

Furthermore, medical images often contain noise, 

artifacts, and complex structural patterns that make 

accurate tumor identification difficult. These 

challenges are further intensified in developing 

regions due to a shortage of skilled medical 

professionals, emphasizing the need for automated 

and reliable diagnostic systems. 

With the rapid advancement of artificial intelligence, 

machine learning (ML) and deep learning (DL) 

techniques have emerged as powerful tools for breast 

cancer detection and classification [15]. Traditional 

ML algorithms, including Support Vector Machines, 

Logistic Regression, Random Forest, Decision Trees, 

and K-Nearest Neighbors, have been widely applied 

in medical diagnosis tasks [16]–[20]. Additionally, 

clustering-based approaches such as k-means, 

DBSCAN, and spectral clustering have been explored 

for pattern discovery and recurrence prediction in 

cancer studies. However, these conventional methods 

rely heavily on manual feature extraction, which 

requires domain expertise and limits scalability [17]. 

Deep learning techniques, particularly Convolutional 

Neural Networks (CNNs), have revolutionized image 

analysis by enabling automatic feature extraction 
directly from raw data [23]. CNNs gained 

prominence through large-scale image recognition 

challenges such as ImageNet, where they 

demonstrated superior performance in visual tasks 

[24]. Since then, they have been widely adopted in 

medical imaging applications, including tumor 

detection, segmentation, and classification [2], [9]. 

Their multi-layered architecture allows them to learn 

complex and hierarchical representations of image 

data. However, training deep learning models 

requires large annotated datasets and significant 

computational resources, which are often limited in 

medical domains. 

To address these limitations, transfer learning has 

become a widely adopted approach, allowing models 

pre-trained on large datasets to be adapted for 

medical applications [15]. Pre-trained architectures 

such as VGG16, VGG19, AlexNet, and DenseNet 

have shown strong performance in feature extraction 

tasks [5]. Several studies have demonstrated the 

effectiveness of transfer learning in breast cancer 
diagnosis. For instance, CNN-based models have 

achieved high classification accuracy and improved 

diagnostic performance when applied to 

mammography datasets [1]. Hybrid and ensemble 

learning techniques have further enhanced model 

robustness and reliability, achieving promising 

results in various benchmark datasets [2]. 

Recent research has also explored advanced deep 

learning architectures and hybrid frameworks for 

improving diagnostic accuracy. For example, 

optimized models based on residual learning and 

fine-tuned CNN architectures have demonstrated 

high performance in breast cancer detection tasks. 

Additionally, deep learning approaches have been 

successfully applied in other medical domains, such 

as epilepsy detection and anomaly detection in 
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network systems, highlighting their versatility and 

effectiveness across different applications [21], [22]. 

In this study, we propose a deep learning-based 

framework that leverages pre-trained models, 

including ResNet50, VGG16, and VGG19, to 

enhance early-stage breast cancer detection. VGG-

based architectures are known for their simplicity and 

ability to capture hierarchical features, making them 

suitable for detailed image analysis [5]. ResNet50, on 

the other hand, addresses the vanishing gradient 

problem through residual learning, enabling the 

training of deeper and more robust networks [1]. By 

integrating these architectures within a unified 
framework, the proposed approach aims to improve 

classification accuracy, address data imbalance 

challenges, and provide reliable diagnostic support 

for breast cancer detection. 

II. LITERATURE SURVEY 

Masud et al. (2022) investigated the application of 

convolutional neural networks (CNNs) for breast 
cancer diagnosis and highlighted their ability to 

automatically learn complex patterns from medical 

images. The study compared various CNN-based 

architectures and demonstrated that deep learning 

models outperform traditional machine learning 

techniques, especially in handling large-scale 

imaging data. One of the key contributions of this 

work is the emphasis on reducing manual 

intervention in feature extraction, which is a major 

limitation in conventional methods. The authors also 

discussed the importance of model optimization and 

hyperparameter tuning in achieving higher accuracy. 

Their findings showed that CNN models can 

significantly improve classification performance 

while maintaining consistency across different 

datasets. This work provides a strong foundation for 

adopting deep learning approaches in computer-aided 

diagnosis systems and encourages further exploration 

of advanced architectures for medical imaging tasks. 

Chougrad et al. (2018) explored the use of deep 

convolutional neural networks combined with 
transfer learning for breast cancer screening. The 

authors utilized pre-trained models and adapted them 

to medical imaging tasks, demonstrating that transfer 

learning can effectively address the challenge of 

limited labeled data. Their approach focused on 

improving classification performance by leveraging 

knowledge from large-scale datasets such as 

ImageNet. The study showed that fine-tuned deep 

learning models achieved higher accuracy and 

robustness compared to models trained from scratch. 

Additionally, the authors highlighted the importance 

of preprocessing techniques and data augmentation in 

enhancing model performance. Their results 

confirmed that deep CNNs can serve as reliable tools 

for automated breast cancer detection. This research 

is particularly significant as it demonstrates how 

transfer learning can bridge the gap between general 

image recognition and specialized medical 

applications. 

Torre et al. (2015) presented a comprehensive 

analysis of global cancer statistics, with a focus on 

incidence, mortality, and regional variations. The 
study provided valuable insights into the growing 

burden of breast cancer worldwide, emphasizing its 

position as one of the most commonly diagnosed 

cancers among women. The authors analyzed data 

from multiple regions and highlighted disparities in 

survival rates between developed and developing 

countries. These differences were largely attributed to 

variations in healthcare infrastructure, access to early 

detection programs, and awareness levels. The paper 

also discussed trends over time, showing a steady 

increase in cancer cases due to population growth and 

aging. This work serves as an important reference for 

understanding the global impact of breast cancer and 

underscores the need for improved diagnostic and 

treatment strategies, particularly in low-resource 

settings. 

Strauss et al. (2023) provided an in-depth discussion 

of the physiological and clinical aspects of breast 

cancer within the broader context of reproductive 

endocrinology. The authors explained the biological 

mechanisms underlying tumor development, 
including hormonal influences and genetic factors. 

The study emphasized the importance of early 

detection and accurate diagnosis in improving patient 

outcomes. It also highlighted current clinical 

practices, including imaging techniques and 

treatment options, offering a comprehensive 

overview of breast cancer management. By 

integrating both theoretical and clinical perspectives, 

the work provides valuable insights into how breast 

cancer develops and progresses. This reference is 

particularly useful for understanding the medical 

background required for designing effective 

diagnostic systems. It also reinforces the importance 

of combining medical knowledge with technological 

advancements to improve detection and treatment. 



International Journal of Data Science and IoT Management System IJDIM, 2026, 5 (2), 2461-2468 | 2464 

                                                                   International Journal of 

                  DATA SCIENCE AND IOT MANAGEMENT SYSTEM 
                                                                 Peer Reviewed, Referred & Indexed Journal 

                                  ISSN: 3068-272X                                     www.ijdim.com                                          Original Research Paper 

 

Montaha et al. (2021) introduced BreastNet18, a fine-

tuned deep learning model based on the VGG16 

architecture for breast cancer detection using 

mammography images. The study focused on 

improving classification accuracy through model 

optimization and detailed ablation analysis. By 

modifying the standard VGG16 architecture and 

enhancing preprocessing techniques, the authors were 

able to achieve high performance in distinguishing 
between benign and malignant cases. The research 

highlighted the effectiveness of transfer learning in 

medical imaging, particularly when dealing with 

limited datasets. Additionally, the study demonstrated 

the importance of selecting appropriate model 

parameters and training strategies to avoid 

overfitting. The results showed that the proposed 

model outperformed several existing approaches, 

making it a reliable solution for breast cancer 

diagnosis. This work contributes to the growing body 

of research supporting the use of deep learning for 

accurate and efficient medical image classification. 

III. DATASET DESCRIPTION 

The dataset used in this study consists of 

mammogram images collected for breast cancer 

classification, where each image is associated with a 

specific BIRADS (Breast Imaging Reporting and 

Data System) category. These categories represent 

different levels of cancer risk, such as BIRADS1, 

BIRADS2, BIRADS3, BIRADS4, and BIRADS5. 

Each instance in the dataset corresponds to a medical 

image, and the associated label indicates the severity 

or likelihood of malignancy. This enables the 

problem to be formulated as a multi-class 

classification task. 
The dataset contains image data rather than structured 

numerical features. Therefore, preprocessing plays a 

critical role in preparing the data for model training. 

Each image is resized and standardized using VGG16 

preprocessing techniques to ensure consistency in 

input dimensions and pixel distribution. Feature 

extraction is then performed using a pre-trained 

ResNet50 model, which converts images into 

meaningful feature representations suitable for 

classification. 

An important characteristic of the dataset is class 

imbalance, where certain categories (such as 

BIRADS1) contain significantly more samples 

compared to others. This imbalance can negatively 

impact model performance by biasing predictions 

toward majority classes. To address this issue, the 

Synthetic Minority Over-sampling Technique 

(SMOTE) is applied to generate synthetic samples for 

minority classes, thereby balancing the dataset. 

The dataset is divided into training and testing 

subsets using an 80:20 split ratio. Additionally, a dual 

approach is adopted where SMOTE is applied both to 

the full dataset and selectively to the training portion, 

ensuring robust model evaluation. This structured 

preprocessing and balancing strategy makes the 

dataset well-suited for developing reliable deep 
learning models for breast cancer classification. 

 

V. PROPOSED METHODOLOGY 

The proposed system introduces a structured deep 
learning framework for breast cancer classification 

using mammogram images. Initially, the dataset is 

processed by resizing and standardizing images using 

VGG16-based preprocessing to ensure uniform input 

quality. Feature extraction is performed using a pre-

trained ResNet50 model, which captures important 

visual patterns from the images. These extracted 

features are then used as input for a fully connected 

neural network consisting of multiple dense layers, 

batch normalization, and dropout to improve 

generalization. The model is trained using labeled 

data, allowing it to learn the differences between 

various BIRADS categories effectively. 

 

To address the issue of data imbalance, a dual-stage 

strategy using SMOTE is implemented. In the first 

stage, SMOTE is applied to the entire dataset to 
balance all classes, while in the second stage, 20% of 

the original data is reserved for testing, and SMOTE 

is applied only to the remaining training portion. This 

approach ensures both improved learning and fair 

evaluation. The trained model is evaluated using 

performance metrics such as accuracy, precision, 

recall, and F1-score. Additionally, an extended model 

combining CNN and LSTM layers is developed to 

further enhance performance by capturing complex 

feature relationships. 
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Figure 1: Workflow of proposed methodology  

VI. RESULT AND DISCUSSION 

The results of this project demonstrate the 

effectiveness of the proposed deep learning approach 

in classifying breast cancer from mammogram 

images. Initially, the fully connected CNN model 

trained on the imbalanced dataset achieved an 

accuracy of approximately 91%, showing that the 

model could learn general image patterns but 

struggled with minority class predictions. After 

applying SMOTE for balancing the dataset, the 

performance improved significantly, with the 

proposed model achieving an accuracy of around 

99.06%. This improvement highlights the importance 
of handling class imbalance in medical datasets. 

Furthermore, the extended CNN-LSTM model 

achieved the highest accuracy of approximately 

99.66%, indicating its ability to capture both spatial 

and temporal feature relationships. The improvement 

is mainly due to combining CNN for feature 

extraction and LSTM for capturing variations in 

patterns. The confusion matrix results show a clear 

reduction in misclassification errors after applying 

SMOTE and further improvements with the hybrid 

model. Training graphs also indicate stable 

convergence with increasing accuracy and decreasing 

loss values. Comparative analysis confirms that the 

proposed and extended models outperform the 

baseline model across evaluation metrics such as 

accuracy, precision, recall, and F1-score. These 

results highlight the importance of combining deep 

learning with data balancing techniques to improve 

classification reliability. However, further validation 

using larger and more diverse datasets is required to 

ensure real-world applicability. 

 

Figure 2: Confusion matrix for Imbalanced Model 

 

Figure 3: Confusion matrix for Proposed 

SMOTE-Based Model 
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Figure 4: Confusion matrix for CNN-LSTM 

Extended Model 

These figures show a progressive reduction in 

misclassification errors as we move from KNN to 

ConvTransNet. 

The prediction results demonstrate the practical 

applicability of the proposed system. The model 

processes input mammogram images by applying 

preprocessing and feature extraction before 

generating predictions for different BIRADS 

categories. The outputs show that the model can 

correctly classify images into categories such as 

BIRADS1, BIRADS3, BIRADS4, and BIRADS5. 

The variation in predictions across different test 

samples confirms that the model is effectively 

learning meaningful patterns rather than producing 

uniform outputs. The integration of a Flask-based 
web interface further enhances usability by allowing 

users to upload images and obtain predictions in real 

time. This makes the system suitable for deployment 

in clinical support environments. The results confirm 

that the model is capable of assisting in early and 

accurate breast cancer detection. 

 

Figure 5: Prediction output of the proposed model 

for mammogram classification 

To ensure reliability, the dataset was divided into 

training and testing subsets using an 80:20 ratio, and 

performance was evaluated using multiple metrics 

such as accuracy, precision, recall, and F1-score. 

Further validation using cross-validation and testing 

on larger datasets can improve robustness and will be 

considered in future work. 

VIII. CONCLUSION 

In this work, a deep learning-based framework was 

developed for breast cancer classification using 

mammogram images. The study focused on 

addressing the challenge of imbalanced data, which 

often affects the performance of medical image 

classification models. Initially, the model trained on 

imbalanced data showed moderate performance, 

highlighting the limitations caused by unequal class 

distribution. To overcome this issue, a dual SMOTE-
based approach was applied, which significantly 

improved the learning capability of the model. 

The integration of ResNet50 for feature extraction 
and fully connected layers for classification provided 

strong baseline results. Further improvement was 

achieved by extending the model with a CNN-LSTM 

architecture, which enhanced the model’s ability to 

learn complex feature patterns. As a result, the final 

model achieved high accuracy and demonstrated 

reliable classification across all BIRADS categories. 

The results indicate that combining data balancing 

techniques with advanced deep learning models can 

greatly improve diagnostic performance. The 

developed system, along with its web-based 

prediction interface, shows potential for assisting 

medical professionals in early and accurate breast 

cancer detection. 

REFERENCES 

1. M. Masud, A. E. EldinRashed, and M. S. 

Hossain, ‘‘Convolutional neural network-based 

models for diagnosis of breast cancer,’’ Neural 

Comput.Appl., vol. 34, no. 14, pp. 11383–11394, 

Jul. 2022, doi: 10.1007/s00521-020-05394-5. 

2. H. Chougrad, H. Zouaki, and O. Alheyane, 

‘‘Deep convolutional neural networks for breast 

cancer screening,’’ Comput. Methods Programs 



International Journal of Data Science and IoT Management System IJDIM, 2026, 5 (2), 2461-2468 | 2467 

                                                                   International Journal of 

                  DATA SCIENCE AND IOT MANAGEMENT SYSTEM 
                                                                 Peer Reviewed, Referred & Indexed Journal 

                                  ISSN: 3068-272X                                     www.ijdim.com                                          Original Research Paper 

 

Biomed., vol. 157, pp. 19–30, Apr. 2018, 

doi:10.1016/j.cmpb.2018.01.011. 

3. L. A. Torre, F. Bray, R. L. Siegel, J. Ferlay, J. 

Lortet-Tieulent, and A. Jemal, ‘‘Global cancer 

statistics, 2012,’’ CA, A Cancer J. Clinicians, 

vol. 65, no. 2, pp. 87–108, Mar. 2015. 

4. J. F. Strauss, R. L. Barbieri, A. Dokras, C. J. 

Williams, and S. Z. Williams, Yen & Jaffe’s 

Reproductive Endocrinology-E-Book: 

Physiology, Pathophysiology, and Clinical 

Management. Amsterdam, The 

Netherlands:Elsevier, 2023, ch. ell. 

5. S. Montaha, S. Azam, A. K. M. R. H. Rafid, P. 

Ghosh, M. Z. Hasan, M. Jonkman, and F. De 

Boer, ‘‘BreastNet18: A high accuracy fine-tuned 

VGG16 model evaluated using ablation study for 

diagnosing breast cancer from enhanced 

mammography images,’’ Biology, vol. 10, no. 

12, p. 1347, Dec. 2021, 

doi:10.3390/biology10121347. 

6. W. J. Gradishar et al., ‘‘Breast cancer, version 

3.2022, NCCN clinical practice guidelines in 

oncology,’’ J. Nat. Comprehensive Cancer 

Netw., vol. 20, no. 6, pp. 691–722, Jun. 2022. 

7. E. D. Pisano et al., ‘‘Diagnostic performance of 

digital versus film mammography for breast-

cancer screening,’’ New England J. Med. 

Homepage, vol. 353, no. 17, pp. 1773–1783, 

2005. 

8. L. L. Wang, ‘‘Early diagnosis of breast cancer,’’ 

Sensors, vol. 17, no. 7, p. 1572, 2017. 

9. S. Balasubramaniam, Y. Velmurugan, D. 

Jaganathan, and S. Dhanasekaran, ‘‘A modified 

LeNet CNN for breast cancer diagnosis in 

ultrasound images,’’ Diagnostics, vol. 13, no. 17, 

p. 2746, Aug. 2023. 

10. I. Washington, R. F. Palm, J. White, S. A. 

Rosenberg, and D. Ataya, ‘‘The role of MRI in 

breast cancer and breast conservation therapy,’’ 

Cancers, vol. 16, no. 11, p. 2122, Jun. 2024, doi: 

10.3390/cancers16112122. 

11. L. J. Grimm, C. S. Avery, E. Hendrick, and J. A. 

Baker, ‘‘Benefits and risks of mammography 

screening in women ages 40 to 49 years,’’ J. 

Primary Care Community Health, vol. 13, Jan. 

2022, Art. no. 21501327211058322, doi: 

10.1177/21501327211058322. 

12. J. E. Shoag, C. Gaffney, M. Pantuck, T. Sun, M. 

Gorin, E. Schaeffer, A. Sedrakyan, A. Vickers, 

and J. Hu, ‘‘Risk factors for infection after 

prostate biopsy in the United States,’’ Urology, 

vol. 138, pp. 113–118, Apr. 2020. 

13. A. R. Gegios, M. S. Peterson, and A. M. Fowler, 

‘‘Breast cancer screening and diagnosis: Recent 

advances in imaging and current limitations,’’ 

PET Clinics, vol. 18, no. 4, pp. 459–471, 2023. 

14. S. M. McKinney et al., ‘‘International evaluation 

of an AI system for breast cancer screening,’’ 

Nature, vol. 577, no. 7788, pp. 89–94, Jan. 2020. 

15. G. Chugh, S. Kumar, and N. Singh, ‘‘Survey on 

machine learning and deep learning applications 

in breast cancer diagnosis,’’ Cognit. Comput., 

vol. 13, no. 6, pp. 1451–1470, Nov. 2021, doi: 

10.1007/s12559-020-09813-6. 

16. H. Wang, B. Zheng, S. W. Yoon, and H. S. Ko, 

‘‘A support vector machinebased ensemble 

algorithm for breast cancer diagnosis,’’ Eur. J. 

Oper. Res., vol. 267, no. 2, pp. 687–699, Jun. 

2018. 



International Journal of Data Science and IoT Management System IJDIM, 2026, 5 (2), 2461-2468 | 2468 

                                                                   International Journal of 

                  DATA SCIENCE AND IOT MANAGEMENT SYSTEM 
                                                                 Peer Reviewed, Referred & Indexed Journal 

                                  ISSN: 3068-272X                                     www.ijdim.com                                          Original Research Paper 

 

17. Z. Khandezamin, M. Naderan, and M. J. Rashti, 

‘‘Detection and classification of breast cancer 

using logistic regression feature selection and 

GMDH classifier,’’ J. Biomed. Informat., vol. 

111, Nov. 2020, Art. no. 103591. 

18. S. Wang, Y. Wang, D. Wang, Y. Yin, Y. Wang, 

and Y. Jin, ‘‘An improved random forest-based 

rule extraction method for breast cancer 

diagnosis,’’ Appl. Soft Comput., vol. 86, Jan. 

2020, Art. no. 105941. 

19. R. Sumbaly, N. Vishnusri, and S. Jeyalatha, 

‘‘Diagnosis of breast cancer using decision tree 

data mining technique,’’ Int. J. Comput. Appl., 

vol. 98, no. 10, pp. 16–24, Jul. 2014. 

20. Md. M. Islam, H. Iqbal, Md. R. Haque, and Md. 

K. Hasan, ‘‘Prediction of breast cancer using 

support vector machine and K-Nearest 

neighbors,’’ in Proc. IEEE Region 10 

Humanitarian Technol. Conf., Dec. 2017, pp. 
226–229.  

 

 

 

 

 


