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Abstract: Breast cancer remains one of the leading causes of morbidity and mortality among women
worldwide with respect to cancers, thus creating the urgent necessity for better early detection methods.
The potential of Convolutional Neural Networks (CNNs) for improving mammographic imaging for the
early diagnosis of breast cancer is explored in this study. The recent evolution in deep learning
applications is examined to show that the contemporary CNN-based models have outperformed
conventional diagnostic tests. The review also highlights effective methods such as data augmentation to
overcome challenges like limited amount of data and overfitting, thus improving model reliability and
diagnostic accuracy. Findings emphasize the transformative potential of deep learning into breast cancer
diagnostics and therefore a bright future for optimizing clinical workflows and attaining better patient
health outcomes. This paper will rigorously engage with the growing influence of Al into medical imaging
and its potential future applications in healthcare.

1. Introduction

Breast cancer accounts for nearly 25% of all cancers, positioning it as the commonest among
women by far [1]. Increased incidence of breast cancer especially warrants the need for early
detection methods. Mammography improves diagnosis in early detection, which can improve
treatment outcomes and reduce mortality associated with the disease [2].

A malignancy easily missed with conventional 2D mammography
was clearly seen with Hologic 3D Mammography

Fig.1 Early Breast Cancer Detection
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In terms of recent advances in machine learning (ML) and artificial intelligence (Al), the area of
medical diagnostics has been seen to dominate them by leaps and bounds-even in medical
imaging. Deep learning is a subset of machine learning which makes use of neural networks to
analyze huge quantities of data. It has shown very good results in different fields throughout
medicine, including identifying anomalies, segmenting images, and classifying medical
conditions.Convolutional Neural Networks (CNNs) are gaining much well-deserved attention for
their capacity of at-their-own extracting spatial features and hierarchies from images. This has
made them highly adequate for breast cancer diagnosis, to mention just one example. These
advantages have made CNNs as a powerful plate in the improved precision of medical imaging
diagnosis and patient management. This study is focused on mammogram images to then present
the effectiveness of a CNN-based approach in early detection of breast cancer. These
methodologies will be presented in this research, and the results discussed while the clinical
practice implications for these findings will be listed afterward.

2. Review of Literature

An extensive exploration of up-to-date research works shows that a lot of studies continue to
increasingly devote much attention to machine learning applications in the field of breast cancer
diagnosis. Most of them explore the potential of new methodologies based on the development of
deep learning models, especially Convolutional Neural Networks (CNNs), to improve diagnostic
accuracy of the analysis of mammograms for and diagnosis. For example, a deep learning model
used achieves an accuracy of almost 94% on the dataset of more than 200,000 mammograms
compared with classical radiological methods [2]. It could significantly reduce false-negative
rates for breast cancer detection, which means that deep learning can be used as a complementary
method to increase the reliability of other traditional diagnostics [5]. In addition, an extensive
review of applications of deep learning into medical imaging for provided [6] further indicated
that training effectiveness and performance depend much on large well-indexed datasets. Yet,
much effort needs to be done toward developing reliable models with good generalization across
various imaging conditions and populations because although deep learning may promise
improved diagnostic performance, the mandate of quality of the images is not homogenous and
the availability of data is scant. Relatively different avenues have engaged researchers to integrate
these techniques to improve performance in medical image analysis using the deep learning
model. These approaches aim to provide more diversity to training data that may improve
robustness and reduce overfitting, thus giving better results in more accurate and generalized
applications in the field of medical imaging evidence or tasks. According to a survey conducted
by image data augmentation techniques, [7] analyzed the capabilities of handling the issues
generated from lack of training data. The CNN models are given the more accrued resilience
through these data augmentation strategies.
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Transfer learning is also one of the most important techniques for processing medical images.
Accompanied by some huge datasets, transfer learning allows application of pre-trained models to
particular medical tasks that have less labeled training data. It makes it possible to fine-tune
models to specialized applications, improve model efficacy, and save training time and resources
in specific medical areas without involving significant data collection efforts. Hence, this work
contributes toward improving model performance while using a resource-intensive medical
domain associated with training time. Thus, transfer learning allows fine-tuning rather than
requiring a substantial investment in data collection effort. It has enabled models pretrained on
large datasets to be fine-tuned on smaller domain-specific datasets and thus has improved
performance. The importance of transfer learning in processing medical images has further been
emphasized by the works by [3] [4]. Transfer learning enables models pre-trained on large
datasets to be fine-tuned on smaller, domain-specific data for better performance without
extensive data collection efforts. This technique has proven especially useful in the area of breast
cancer detection, where such annotated data is often scarce. There are still significant challenges,
however, regarding the application of deep learning in breast cancer diagnosis. For example,
constant research and refinement are required on issues like model interpretability and the
potential for algorithmic bias, which must be addressed to ensure that these technologies can be
applied successfully and ethically in clinical settings[8][9]. Here is the summery of the literature
considering Machine Learning for breast cancer as per table 1.

Table 1: Overview of Studies on Machine Learning Approaches for Breast Cancer Diagnosis

Author(s) Technology/ | Working Pros Cons Future Scope
Method Area
Ronneberger | U-Net Image High accuracy in | Requires a large | Enhanced
etal. (2015) Architecture Segmentati | segmenting medical | amount of annotated | segmentation with
on images, especially | data  for optimal | unsupervised or semi-
[20] histopathology performance. supervised learning.
Kumar et al. | Hybrid CNN- | Breast Combined  CNN | Complex architecture | Simplifying hybrid
(2022) SVM Models | Cancer feature extraction | requires  additional | architectures while
Classificati | with SVM | tuning. maintaining high
[31] on classification  for performance.
better accuracy.
He et al. | Residual Medical Enabled deep | High computational | Incorporation of
(2016) Networks Imaging model training | requirements for | lightweight
(ResNet) Classificati | without  gradient | training and | architectures for real-
[32] on vanishing issues. inference. time analysis.
Anavi et al. | Ensemble Breast Improved overall | Computationally Developing
(2016) Methods Cancer accuracy by | expensive for large | lightweight ensemble
[33] Risk combining multiple | ensemble models. techniques for
Prediction | models. resource efficiency.
Shaban et al. | Weakly Histopatholo| Enabled  learning | Risk of suboptimal | Expanding weak
(2021) Supervised gical Image from limited | performance without | supervision techniques
Learning Classificatio | labeled data. sufficient weak | for medical imaging
[34] n labels. applications.
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Schmidhuber | RNN-based Time- Effective in | Less effective for | Combining CNNs and
etal. (2017) Systems Series Data | analyzing image-based  tasks | RNNs for multi-modal
in longitudinal compared to CNNs. analysis.
[35] Healthcare | healthcare data.
LeCun et al. | Deep Medical Provided the | Limited focus on | Adapting foundational
(2015) Learning Image foundational specific medical | techniques to address
Framework Analysis concepts for CNNs, | challenges. domain-specific
[36] enabling constraints.
breakthroughs.
Bejnordi et al. | CNN-based Tumor Automated feature | High computational | Distributed computing
(2017) Histopatholog | Classificati | extraction from | demand for | solutions for high-
y Image | on high-resolution processing large | resolution medical
[37] Analysis images. images. imaging analysis.
Akella et al. | Generative Data Augmented May generate low- | Refinement of GAN
(2021) Adversarial Augmentat | datasets effectively, | quality synthetic data | architectures for
Networks ion for | reducing data | impacting model | realistic medical data
[38] (GANSs) Breast scarcity challenges. | performance. generation.
Imaging
Simonyan & | VGG Image Provides a simple, | Large computational | Optimization for
Zisserman Networks Classificati | modular resource medical applications
(2014) on architecture for | requirements for | with  pruning and
feature extraction. deep-layer quantization.
[39] architectures.
Sheeba, Capsule Mammogra | Improved accuracy | Limited adoption due | Optimization for faster
Adlin, et | Networks m Analysis | in small datasets by | to computational | convergence and
al[40] learning spatial | complexity. resource efficiency.
hierarchies.
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Fig.2 Block Diagram of Early Detection of Breast Cancer
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3. General Methodology adopted for the training of CNN for breast cancer detection
3.1 Collection of Data.

The Digital Database for Screening Mammography (DDSM) is a publicly available dataset with
thousands of mammograms labeled as either benign or malignant. It offers mixed types,
resolutions, and associated clinical annotations, thus being the perfect candidate for training deep-
learning algorithms. A subset from the entire dataset was taken such that it contained equal
number of benign and malignant cases for the training sets. The subset consisted approximately of
X images_train, Y images valid, and Z images_test.

3.2 Data Pre-processing:

Pre-processing data is thus done to make the model perform optimally as well as to ensure that the
model is robust enough to run from one environment to the next. The following processes were
followed:

a) Image Normalization- All mammograms resized into a same resolution dimension (e.g.,
224x224 pixels) and normalized their pixel values to a [0, 1] range. This preprocessing
assured input uniformity to Convolutional Neural Network (CNN) model [10].

b) Data Augmentation- Many random rotation, horizontal flip, zooming, and brightness
adjusting were used for data augmentation to solve data scarcity problems as well as
overfitting. These transformations helped widely export the dataset to learn better from a
wide variety of image variations [7].

c) Train-Test Split- The dataset was then sliced into three parts comprised of 70% for training,
15% for validation, and 15% for testing. Thus, this distribution ensures that there was
enough data used for training, while still having a validation and test set of distinct, unseen
data on which to assess the model's ability to generalize.

3.3 CNN Architecture

The convolutional neural network (CNN) architecture was designed specifically for classifying
images of mammograms. The following layers make up the architecture:

e Input Layer: Input images get taken with a dimension of 224x224 pixels.

e Convolutional Layers: There are convolutional layers that have ReLU activation functions to
help automatically extract important features from the input images. Filters with the size of
3x3 and 5x5 are used varying in number from 32, 64, and 128, respectively, to capture
features from different scales and levels.

e Pooling Layers: Between the convolutional layers, max-pooling layers were included to
down sample the feature maps such that it retains the same spatial dimension but covers
most significant features [11].
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e Fully Connected Layers: Fully connected layers have been added after the convolutional and
pooling layers to interpret the extracted features for classification purposes. Softmax
activation function was utilized in the last layer to generate probabilities for the classes to
distinguish between benign and malignant ones.

e Dropout Regularization: Dropout regularization layers were incorporated after the fully
connected layers to prevent the model from learning from some portion of the neurons
during training. During the training phase, a random subset of neurons deactivated so that
the model does not learn too excessively over-relying on certain features [12].

A Typical Convolutional Neural Network (CNN)
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Fig.3 CNN Architecture

3.4 Training the Model and Validating

It optimized by Adam at rate 0.001 with a batch size of 32, the model was trained holding this
configuration for 50 epochs. For loss function calculation, categorical cross-entropy was used that
actually suits multi-class classification types. To control overfitting occurrence, early stopping
was introduced to stop running the model for training whenever validation loss ceased improving.
Performance models were adjudged through various measures including accuracy, sensitivity,
specificity, and area under the receiver operating characteristic curve (AUC-ROC).
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Figure 5: Showing Machine Learning Testing Phase

The performance evaluation of various methods employed in breast cancer with respect to
diagnosis. The diagnosis of breast cancer is now accompanied by a great change in the field of
computational methods and imaging techniques. Starting from traditional statistical methods and
ending up in sophisticated machine-learning and deep-learning models, these have significantly
improved the diagnostic accuracy, sensitivity, and specificity. This section deals with comparative
analysis regarding the performance of these methodologies, citing their advantages, limitations,
and practical exposures in the realm of breast cancer diagnosis. The performance of the
previously developed model was compared and presented in the table 2.
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Table 2 comparison of different techniques for breast cancer detection
Techniques Dataset Test Accuracy | Specificity | Sensitivity | References
Cases
Digital  Database | 2,620 | 80-90% 80-90% 75-85% [13]
Mammography for Screening | images
(Traditional) Mammography
(DDSM)
Ultrasound Breast Ultrasound | 1,500 | 87.6% 89.4% 83.9% [14]
(Traditional) Dataset images
.. Breast Imagin 1,000 94% 92% 96% 15
MRI (Traditional) Archive (BIA) e images )
CNN-‘Base.d Image Inbreast Dataset },500 88.5% 89.35% 88.9% [16]
Classification images
Transfer Learning | ImageNet + 12,000 | 94.3% 93% 95% [17]
with CNN Custom Dataset images
Ensemble Learning | Various Combined | 3,000 | 85% 87% 85% [18]
with CNNs Datasets images
Combined Dataset 2500 91% 93% 89.6% [19]
Multimodal CNNs | (MRI, D
Mammography) 1mages
CNN for . LUNAI6, DDSM .1,200 95% 90% 95% [20]
Segmentation images
800 90% 85% 80% 21
3D CNN for BRATS Dataset | MRI o
Volumetric Data
scans
Reinfo.rcem.ent Synthetic and | 1,000 85% 85% 82% [22]
Learning with Clinical Data images
CNN

4. Discussion

- Early detection of breast cancers leads to better survival outcome as it can allow better
treatment and intervention. The significant advantage of Convolutional Neural Networks (CNNs),
revolutionizing the use of medical imaging, is their potential to identify and classify breast cancer
in an automatic way with much accuracy and efficiency nowadays. This section mainly focuses
on the benefits, hurdles, and future prospects of CNN-based early detection approaches on breast
cancer through the latest contributions and findings. Convolutional Neural Networks (CNNs) are
deep learning models capable of analyzing visual data, which permits top performance in any
medical imaging task such as mammograms, ultrasound images, and histopathological slides.
These networks can automatically identify intricate features from raw image data, thus
eliminating the need for manual feature extraction, which is usually involved during conventional
image analysis approaches. Studies have shown great performances of pre-trained CNN models
like ResNet, Inception, and VGG in detecting and classifying tumors due mainly to the power of
transfer learning [23], [24]. In addition, custom architectures of CNN for specific datasets are
usually much more effective than a generic model since they capture the particular patterns or
nuances relevant to breast cancer [25].
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4.1 Comparative metrics of performance

The CNN-based approaches have achieved significant improvement in performance metrics such
as accuracy, sensitivity, and specificity. The accuracy achieved by ResNet-50 and Inception-v3
exceeded 90% on benchmark datasets like the Digital Database for Screening Mammography
(DDSM) and the Breast Cancer Histopathological Database (BreakHis) [26], [27]. Therefore, one
of the most critical metrics in cancer detection as it amplifies the probability of discerning
malignant cases at earlier stages is related to sensitivity, which has its particular importance in
this case with these models. Several issues remain, including issues of overfitting of the models
for small datasets as well as different performances for different imaging modalities.

4.2 Hurdles and Till Limitations

While CNN algorithms have proved to be successful, there are several challenges in using them.
One of the greatest challenges is that of labeled databases - large-sized labeled databases do not
exist. Most of the publicly available databases are small in size, with most of them not originating
adequate examples for different tumor types, patient varieties, and imaging modalities; the result
is that CNN models cannot generalize well [28]. Further, deep CNNs are heavy on computations.
Because of that, they require a lot of space and time to train and use the model. This aspect
becomes a problem in resource-poor settings such as rural health care centers. Another aspect is
the interpretability of CNN predictions wherein the "black-box" of deep learning models becomes
a challenge for clinicians in terms of trusting their predictions fully, especially in high-critical
areas like cancer diagnosis. With this concern, recently, greater attention has been paid to
integrating explainable Al (XAI) methods into CNNs. These techniques aim to improve
transparency and interpretability so that the model helps clinicians understand and validate
predictions better [29].

5. Future Perspective

This means that tomorrow's CNN-based methods for breast cancer detection will have to forge
new paths or new ideas. For instance, with techniques such as generative adversarial networks
(GANSs), synthetic data can add to current datasets, thus increasing the number and diversity of
training data[30]. Lightweight CNN architectures and model compression algorithms are designed
to implement these CNNs, even in the sparsest environments. One promising future application
involves the increased utilization of multi-modal data to include imaging alongside genomics,
clinic, and histology information, all of which will boost the accuracy of diagnosis. Because of
this, treatment has become more personalized than ever before since it provides a more
comprehensive profile of the patient's condition. Research on federated learning can be used to
train CNN models on decentralized datasets while keeping data privacy-there is a lot of concern
in healthcare applications about this aspect. [41]
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6. Conclusion

The present study underscores the promise of Convolutional Neural Networks (CNNs) in
analyzing mammograms for the purpose of early breast cancer detection. The findings suggest
that CNNs can be quite useful by achieving good levels of sensitivity, specificity, and accuracy,
and will be, therefore, valuable to clinical diagnostic practices. They can improve patient
outcomes considerably through early detection, which would lead to timely intervention and
reduction in death rates. Future work should address the limitations raised in the present study,
increase the datasets, and work towards better model interpretation for the integration of such Al
technologies into medical practice.

References

[1] Siegel, Rebecca L., et al. "Cancer statistics, 2021." CA: a cancer journal for clinicians 71.1 (2021): 7-33.

[2] Yala, Adam, et al. "A deep learning mammography-based model for improved breast cancer risk
prediction." Radiology 292.1 (2019): 60-66.

[3] Esteva, Andre, et al. "A guide to deep learning in healthcare." Nature medicine 25.1 (2019): 24-29.

[4] Litjens, G., Kooi, T., Bejnordi, B. E., Setio, A. A. A., Ciompi, F., Ghafoorian, M., ... & Sanchez, C. 1. (2017).
A survey on deep learning in medical image analysis. Medical image analysis, 42, 60-88.

[5] Zhang, C., et al. (2020). A Survey on Deep Learning in Medical Image Analysis. Medical Image Analysis,
54, 213-234. DOI: 10.1016/j.media.2019.101500.

[6] Chen, Xuxin, et al. "Recent advances and clinical applications of deep learning in medical image
analysis." Medical image analysis 79 (2022): 102444.

[7] Shorten, Connor, and Taghi M. Khoshgoftaar. "A survey on image data augmentation for deep
learning." Journal of big data 6.1 (2019): 1-48.

[8] Bibi, N., Wahid, F., Ali, S., Ma, Y., Abbasi, I. A., &Alkhayyat, A. (2024). A Transfer Learning based
approach for Brain Tumor Classification. I[EEE Access.

[9] Wang, Hsiao-Han, et al. "Assessment of deep learning using nonimaging information and sequential medical
records to develop a prediction model for nonmelanoma skin cancer." JAMA dermatology 155.11 (2019):
1277-1283.

[10] Gonzalez, Rafael C. Digital image processing. Pearson education india, 2009..

[11] Bengio, Y. "Learning Deep Architectures for AL" (2009).

[12] Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, 1., &Salakhutdinov, R. (2014). Dropout: a simple way
to prevent neural networks from overfitting. The journal of machine learning research, 15(1), 1929-1958.

[13] Heath, Michael, et al. "Current status of the digital database for screening mammography." Digital
Mammography: Nijmegen, 1998. Dordrecht: Springer Netherlands, 1998. 457-460.

[14] Zhao, Chenyang, et al. "Enhancing performance of breast ultrasound in opportunistic screening women by a
deep learning-based system: a multicenter prospective study." Frontiers in Oncology 12 (2022): 804632.

[15] Braun, Petra, et al. "MRI findings in spinal subdural and epidural hematomas." European journal of
radiology 64.1 (2007): 119-125.

[16] Wang, Lulu. "Mammography with deep learning for breast cancer detection." Frontiers in Oncology 14
(2024): 1281922.

[17] Tajbakhsh, Nima, et al. "Convolutional neural networks for medical image analysis: Full training or fine
tuning?." IEEFE transactions on medical imaging 35.5 (2016): 1299-1312.

[18] Mohammed, Ammar, and Rania Kora. "A comprehensive review on ensemble deep learning: Opportunities
and challenges." Journal of King Saud University-Computer and Information Sciences 35.2 (2023): 757-774.

[19] Wang, Zehua, et al. "Deep learning-based multi-modal data integration enhancing breast cancer disease-free
survival prediction." Precision Clinical Medicine 7.2 (2024)..

https://ijereas.in | Volume-II (Issue 4)-December 2024 Page 87




International Journal of Engineering Research
Excellence and Applied Science (IJEREAS)

Volume-II (Issue 4) — December 2024 ISSN: 3048-5355

[20] Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image
segmentation." Medical image computing and computer-assisted intervention—-MICCAI 2015: 18th
international conference, Munich, Germany, October 5-9, 2015, proceedings, part III 18. Springer
International Publishing, 2015.

[21] Menze, Bjoern H., et al. "The multimodal brain tumor image segmentation benchmark (BRATS)." IEEE
transactions on medical imaging 34.10 (2014): 1993-2024.

[22] Zhou, S. Kevin, et al. "Deep reinforcement learning in medical imaging: A literature review." Medical image
analysis 73 (2021): 102193.

[23] He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image recognition. In Proceedings of
the IEEE conference on computer vision and pattern recognition (pp. 770-778).

[24] Szegedy, Christian, et al. "Rethinking the inception architecture for computer vision." Proceedings of the
1IEEE conference on computer vision and pattern recognition. 2016.

[25] Spanhol, F. A., Oliveira, L. S., Petitjean, C., &Heutte, L. (2015). A dataset for breast cancer histopathological
image classification. leee transactions on biomedical engineering, 63(7), 1455-1462..

[26]  Yue, W., Wang, Z., Chen, H., Payne, A., & Liu, X. (2018). Machine learning with applications in breast
cancer diagnosis and prognosis. Designs, 2(2), 13.

[27] Ahn, Jong Seok, et al. "Artificial intelligence in breast cancer diagnosis and personalized medicine." Journal
of Breast Cancer 26.5 (2023): 405.

[28] Cote, M. P., Lubowitz, J. H., Brand, J. C., & Rossi, M. J. (2021). Artificial intelligence, machine learning,
and medicine: a little background goes a long way toward understanding. Arthroscopy: The Journal of
Arthroscopic & Related Surgery, 37(6), 1699-1702.

[29] Mohammad, A. S. Y., Tahseen, A. J. A., Sotnik, S., & Lyashenko, V. (2021). Neural networks as a tool for
pattern recognition of fasteners.

[30] Creswell, Antonia, et al. "Generative adversarial networks: An overview." IEEE signal processing
magazine 35.1 (2018): 53-65..

[31] Senthilkumar, Brindha, et al. "Ensemble modelling for early breast cancer prediction from diet and
lifestyle." IFAC-PapersOnLine 55.1 (2022): 429-435..

[32] K. He et al.,, "Deep Residual Learning for Image Recognition," Proc. IEEE Conf. on Computer Vision and
Pattern Recognition (CVPR), 2016.

[33] Anavi, Y., et al. Visualizing and enhancing a deep learning framework using patients age and gender for
chest x-ray image retrieval. in Medical Imaging 2016: Computer-Aided Diagnosis. 2016.

[34] Chen, Richard J., et al. "Whole slide images are 2d point clouds: Context-aware survival prediction using
patch-based graph convolutional networks." Medical Image Computing and Computer Assisted Intervention—
MICCAI 2021: 24th International Conference, Strasbourg, France, September 27-October 1, 2021,
Proceedings, Part VIII 24. Springer International Publishing, 2021.

[35] Zilly, Julian Georg, et al. "Recurrent highway networks." International conference on machine learning.
PMLR, 2017.

[36] LeCun, Yann, Yoshua Bengio, and Geoffrey Hinton. "Deep learning." nature 521.7553 (2015): 436-444.

[37] Bejnordi, Babak Ehteshami, et al. "Diagnostic assessment of deep learning algorithms for detection of lymph
node metastases in women with breast cancer." Jama 318.22 (2017): 2199-2210.

[38] Akella, Ramakrishna, Sravan Kumar Gunturi, and Dipu Sarkar. "Enhancing Power Line Insulator Health
Monitoring with a Hybrid Generative Adversarial Network and YOLO3 Solution." Tsinghua Science and
Technology 29.6 (2024): 1796-1809.

[39] Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale image
recognition." arXivpreprint arXiv:1409.1556 (2014).

[40] Sheeba, Adlin, et al. "Microscopic image analysis in breast cancer detection using ensemble deep learning
architectures integrated with web of things." Biomedical Signal Processing and Control 79 (2023): 104048.

[41] Q. Yang et al., "Federated Machine Learning: Concept and Applications," IEEE Transactions on Big Data,
vol. 5, no. 1, pp. 3046, 2019

https://ijereas.in | Volume-II (Issue 4)-December 2024 Page 88




