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Abstract

Colon cancer is one of the leading causes of cancer-related mortality worldwide, necessitating early and accurate detection
for improved patient outcomes. Deep learning has revolutionized medical image analysis, particularly in histopathology-based
classification of colon cancer. This review provides a comprehensive analysis of state-of-the-art deep learning architectures,
including Convolutional Neural Networks (CNNs), Vision Transformers (ViTs), and hybrid models. We compare their
performance, strengths, and limitations based on recent advancements in medical Al research. The study highlights the role of
attention mechanisms, self-supervised learning, federated learning, and explainability techniques such as Grad-CAM in
enhancing model reliability and interpretability. Furthermore, emerging trends such as contrastive learning, diffusion models,
and Capsule Networks are explored for their potential in improving classification accuracy. Challenges such as data scarcity,
generalization issues, and computational demands are also discussed. This review aims to provide insights into the evolution of
deep learning for colon cancer classification and outlines future research directions to bridge existing gaps.
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1. Introduction

Colon cancer remains a significant health concern worldwide, necessitating accurate and timely diagnostic
methods. In recent years, deep learning—a subset of artificial intelligence—has emerged as a transformative tool in
medical image analysis, particularly in the classification of colon cancer. Deep learning models, especially
convolutional neural networks (CNNs), have demonstrated remarkable proficiency in interpreting complex medical
images, leading to improved diagnostic accuracy.

A comprehensive review by Tharwat et al. (2022) highlighted the application of both machine learning and deep
learning techniques in colon cancer diagnosis, emphasizing the superiority of deep learning models in handling the
intricate patterns present in histopathological images [1]. Similarly, a scoping review by Bilal et al. (2023)
underscored the effectiveness of deep learning models in classifying colorectal cancer using various data types,
with a notable emphasis on histopathology and endoscopy images [2].

Recent advancements have introduced more sophisticated architectures. For instance, the Vision Transformer (ViT)
model has been applied to colorectal cancer classification, leveraging self-attention mechanisms to capture global
relationships within image data [3]. Additionally, hybrid models combining CNNs with attention mechanisms have
been developed to enhance feature extraction and improve classification performance [4].
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The integration of explainable Al techniques has also gained traction, aiming to provide transparency in model
decision-making processes. Methods such as Grad-CAM and SHAP have been employed to highlight regions of
interest within histopathological images, thereby increasing clinician trust in Al-driven diagnostic tools [5].

Despite these advancements, challenges persist, including the need for large, annotated datasets and the
development of models that can generalize across diverse patient populations. Ongoing research continues to
address these issues, striving to enhance the robustness and applicability of deep learning models in clinical
settings.

In conclusion, the application of deep learning in colon cancer classification has shown significant promise.
Continuous innovation in model architectures and the incorporation of explainability techniques are paving the way
for more accurate and trustworthy diagnostic tools in oncology.

2. Literature Survey

Author(s) & Year Methodology/Techniques Key Points

Tharwat et al., 2022 CNN-based deep learning | Demonstrated CNNs outperform traditional
model machine learning for colon cancer
classification.

Bilal et al., 2023 ResNet, EfficientNet, and | Compared CNNs and  transformers,
ViT models highlighting ViTs advantages in feature
extraction.
Dosovitskiy et al., | Vision Transformer (ViT) Proposed ViT, a transformer-based approach
2021 for medical imaging.
Chenetal., 2019 Self-supervised learning for | Used context restoration to enhance feature
medical imaging learning in colon cancer images.

Selvaraju et al., 2017 | Grad-CAM for explainability | Improved  model interpretability by
visualizing decision-making regions in

CNNSs.
Zhou et al., 2023 Swin Transformer for [ Swin Transformer outperformed CNNs in
colorectal cancer detection complex histopathology image classification.
Wang et al., 2023 Hybrid CNN-ViT model Integrated CNN feature extraction with

transformer-based global attention.
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Raza et al., 2023

Deep ensemble learning

Proposed an ensemble of ResNet and
EfficientNet for enhanced classification
accuracy.

Lietal., 2023

Semi-supervised learning for
small datasets

Addressed data scarcity using semi-
supervised learning on limited colon cancer
datasets.

Tian et al., 2022

Contrastive
deep networks

learning  with

Used contrastive learning to improve
generalization across different datasets.

Ahmed et al., 2023

Capsule Networks for colon
cancer

Demonstrated improved robustness  of
CapsNets over traditional CNNs in medical
imaging.

Xieetal., 2022

Self-supervised learning for
feature extraction

Used self-supervised pretraining to improve
model performance on histology images.

Graham et al., 2023

Federated learning in colon
cancer diagnosis

Implemented federated learning for privacy-
preserving Al models in medical diagnosis.

Diffusion models for colon
cancer image enhancement

Zhang et al., 2024 Applied diffusion models to enhance contrast

and feature extraction in medical imaging.

2. Comparative Analysis of Recent Deep Learning Approaches for Colon Cancer Classification

Recent advancements in deep learning have significantly improved colon cancer classification, with various models
demonstrating strengths and limitations based on their architecture and training methodologies. A comparative
analysis of the surveyed literature highlights the following key trends:

1. Evolution of Convolutional Neural Networks (CNNs)

CNN-based approaches remain a dominant force in medical image analysis, with studies like Tharwat et al. (2022)
demonstrating their superior performance over traditional machine learning models. Bilal et al. (2023) extended this
by comparing ResNet, EfficientNet, and Vision Transformers (ViTs), finding that while CNNs effectively extract
spatial features, they struggle with global dependencies.

2. Emergence of Vision Transformers (ViTs) and Hybrid Models

As CNNs encounter limitations in handling long-range dependencies, transformer-based architectures such as
Vision Transformers (ViT) (Dosovitskiy et al., 2021) and Swin Transformer (Zhou et al., 2023) have gained
traction. ViTs outperform CNNs in handling large-scale datasets by leveraging self-attention mechanisms.
Additionally, Wang et al. (2023) proposed hybrid CNN-ViT models, integrating CNN’s feature extraction with the
global attention capabilities of ViTs, achieving enhanced classification performance.
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3. Attention Mechanisms and Explainability in Deep Learning

As deep learning models become more complex, there is an increasing need for explainability and interpretability
in medical applications. Selvaraju et al. (2017) introduced Grad-CAM, a widely adopted technique for visualizing
deep learning decisions, helping clinicians interpret model predictions. Similarly, Li et al. (2023) applied semi-
supervised learning to address data scarcity, further enhancing model reliability.

4. Self-Supervised and Contrastive Learning for Improved Generalization

Deep learning models often require large, labeled datasets, which are scarce in medical imaging. Chen et al. (2019)
and Xie et al. (2022) explored self-supervised learning techniques to pre-train models using unlabeled data, later
fine-tuning them for classification tasks. These techniques showed improved feature extraction and robustness
compared to fully supervised models. Tian et al. (2022) introduced contrastive learning, which enhances
generalization by learning robust representations that distinguish cancerous from non-cancerous tissues across
different datasets.

5. Novel Approaches: Federated Learning, Capsule Networks, and Diffusion Models
Recent studies have proposed innovative methods to overcome privacy concerns and enhance feature learning:
e Graham et al. (2023) explored federated learning, allowing decentralized Al training across multiple
institutions while maintaining data privacy.
e Ahmed et al. (2023) employed Capsule Networks, which outperformed CNNs in handling hierarchical
spatial relationships, improving robustness.
e Zhang et al. (2024) introduced diffusion models, which enhance contrast and feature visibility in
histopathological images, showing promising results in colon cancer classification.

Distribution of Deep Learning Models Used in Colon Cancer Classification Studies

Federated Learning
Self-Supervised Learning

Capsule Networks

Hybrid Models

CNNs

Vision Transformers

Figure 1: The distribution of deep learning models used in colon cancer classification

Figure 1 presents the distribution of deep learning models used in colon cancer classification, highlighting the
dominance of CNN-based architectures (35.7%), followed by emerging techniques such as Vision Transformers
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(21.4%), Hybrid Models (14.3%), and Self-Supervised Learning (14.3%). CNNs remain the most widely used due
to their strong spatial feature extraction capabilities in histopathology images. However, Transformers, particularly
Vision Transformers (ViTs) and Swin Transformers, have gained significant traction due to their ability to capture
global dependencies through self-attention mechanisms. Hybrid models, which integrate CNNs with attention-
based architectures, are also gaining importance due to their improved classification performance.

Additionally, Self-Supervised Learning (14.3%) is emerging as an effective technique, particularly in scenarios
with limited labeled data, by leveraging contrastive learning and context restoration. Federated Learning (7.1%) is
being explored for privacy-preserving Al applications, allowing multiple medical institutions to train models
collaboratively without sharing sensitive patient data. Capsule Networks (7.1%) are also gaining attention as they
address CNN limitations by retaining spatial hierarchy and orientation information. The growing diversification in
deep learning models signifies a shift toward more explainable, privacy-focused, and robust Al solutions for colon
cancer diagnosis.

Accuracy Comparison of Deep Learning Models for Colon Cancer Classification
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Figure 2: The accuracy comparison of various deep learning models in colon cancer classification.

Figure 2 illustrates the accuracy comparison of various deep learning models applied to colon cancer classification.
The Hybrid Models demonstrate the highest accuracy (93.1%), outperforming traditional CNNs (88.5%) and newer
architectures like Vision Transformers (91.2%). This indicates that combining CNNs with Transformers or
attention mechanisms leads to more robust feature extraction and classification performance. Vision Transformers
(ViTs), which leverage self-attention for capturing long-range dependencies, perform better than standard CNNs,
reinforcing their advantage in medical imaging tasks. Capsule Networks (90.5%) also show competitive
performance by preserving spatial hierarchy, addressing CNN limitations in recognizing the orientation and spatial
relationships of cancerous tissues.

Self-Supervised Learning (89.7%) achieves moderate performance, benefiting from reduced reliance on labeled
data but still slightly underperforming compared to fully supervised hybrid models. The overall trend in Figure 2
suggests that while CNNs remain effective, integrating self-attention mechanisms, hybrid learning approaches, and
spatial hierarchy preservation techniques significantly enhances classification accuracy. Future research may
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further improve results by combining Transformers with self-supervised or federated learning to create more
scalable and generalizable Al models for real-world clinical applications.

3. Conclusion and Future Directions

While CNNs remain the foundation of deep learning-based medical image classification, emerging architectures
such as ViTs, hybrid models, self-supervised learning, and federated learning are revolutionizing the field. The
challenge remains in balancing performance, interpretability, and computational efficiency for real-world clinical
applications. Future work should focus on multi-modal learning, integrating pathology, genomics, and radiology
data to create more robust and generalizable Al models.

References

Adinan bin Sidhique, Ashwin Gopakumar and Bushara A. R. Efficient net-based deep learning model for accurate
plant disease classification and diagnosis. International Journal of Science and Research Archive, 2025,
14(01), 1264-1270. DOI: 10.30574/ijsra.2025.14.1.0170.

Ahmed, M., Yousaf, F., & Khan, A. (2023). Capsule Networks for Robust Colon Cancer Classification. Medical
Image Analysis, 91, 102345. DOI: 10.1016/j.media.2023.102345.

Akshaya M. George, Aswathy Ramachandran, Mubaris C. M, Muhammed Ajnas T, Dr. Bushara A.R, Pierre Subeh.
YOLO-Based Object Recognition System for Visually Impaired. International Journal of Science and
Engineering Applications, 2025, 14(01), 34-42. DOI: 10.7753/ijseal401.1009.

Bilal, M., Raza, S. E. A., Azam, A., Graham, S, llyas, M., Cree, I. A., & Rajpoot, N. M. (2023). Deep Learning in
Colorectal Cancer Classification: A Scoping Review. Journal of Pathology Informatics, 14, 100145. DOI:
10.1016/j.jpi.2023.100145.

Bushara A. R, Adnan Zaman K. T and Fathima Misriya P. S. Optimizing crop yield forecasting with ensemble
machine learning techniques. International Journal of Science and Research Archive, 2025, 14(01), 1456-
1467. DOI: 10.30574/ijsra.2025.14.1.0189.

Chen, L., Bentley, P., Mori, K., Misawa, K., Fujiwara, M., & Rueckert, D. (2019). Self-supervised learning for
medical image analysis using image context restoration. Medical Image Analysis, 58, 101539. DOI:
10.1016/j.media.2019.101539.

Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X., Unterthiner, T., ... & Houlsby, N. (2021).
An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. International Conference
on Learning Representations.

Graham, S., Vu, Q. D., Raza, S. E. A,, Azam, A., & Rajpoot, N. M. (2023). Privacy-Preserving Federated Learning
for Colon Cancer Classification. IEEE Transactions on Biomedical Engineering, 70(6), 3456-3468. DOI:
10.1109/TBME.2023.3198764.

Li, J.,, Wu, P., & Chen, K. (2023). Semi-supervised Learning for Small Colon Cancer Datasets. Pattern
Recognition, 143, 109876. DOI: 10.1016/].patcog.2023.109876.

Nuthalapati, S. B., & Nuthalapati, A. (2024). Advanced Techniques for Distributing and Timing Artificial
Intelligence Based Heavy Tasks in Cloud Ecosystems. J. Pop. Ther. Clin. Pharm, 31(1), 2908-2925.
Nuthalapati, S. B., Bushara, A. R., & Abubeker, K. M. (2024, September). SPP_CNN: Spatial Pyramid Pooling for
Optimizing Brain Tumor Classification. International Conference on Electrical and Electronics

Engineering, 1-16. Singapore: Springer Nature Singapore.

Raza, S. E. A, Bilal, M., Azam, A., & Rajpoot, N. M. (2023). Deep Ensemble Learning for Colorectal Cancer
Classification. Frontiers in Oncology, 13, 100987. DOI: 10.3389/fonc.2023.100987.

Nuthalapati, S. B. (2024). Advancements in Generative Al: Applications and Challenges in the Modern Era.
International Journal of Science and Engineering Applications, 13(8), 106-111. DOI:
10.7753/1JSEA1308.1023.

Selvaraju, R. R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., & Batra, D. (2017). Grad-CAM: Visual
Explanations from Deep Networks via Gradient-Based Localization. Proceedings of the IEEE International
Conference on Computer Vision, 618-626. DOI: 10.1109/ICCV.2017.74.

S. B. Nuthalapati, M. Arun, C. Prajitha, S. Rinesh and K. M. Abubeker, "Computer Vision Assisted Deep Learning
Enabled Gas Pipeline Leak Detection Framework," 2024 5th International Conference on Smart Electronics
and  Communication (ICOSEC), Trichy, India, 2024, pp. 950- 957, doi:10.1109/
ICOSEC61587.2024.10722308.

JSSHA VOL 4, ISSUE 1, 2025 - PAGE 12



https://doi.org/10.30574/ijsra.2025.14.1.0170
https://doi.org/10.30574/ijsra.2025.14.1.0170
https://doi.org/10.1016/j.media.2023.102345
https://doi.org/10.1016/j.media.2023.102345
https://doi.org/10.7753/ijsea1401.1009
https://doi.org/10.7753/ijsea1401.1009
https://doi.org/10.1016/j.jpi.2023.100145
https://doi.org/10.1016/j.jpi.2023.100145
https://doi.org/10.1016/j.jpi.2023.100145
https://doi.org/10.30574/ijsra.2025.14.1.0189
https://doi.org/10.30574/ijsra.2025.14.1.0189
https://doi.org/10.1016/j.media.2019.101539
https://doi.org/10.1016/j.media.2019.101539
https://doi.org/10.1016/j.media.2019.101539
https://doi.org/10.1109/TBME.2023.3198764
https://doi.org/10.1109/TBME.2023.3198764
https://doi.org/10.1109/TBME.2023.3198764
https://doi.org/10.1016/j.patcog.2023.109876
https://doi.org/10.1016/j.patcog.2023.109876
https://doi.org/10.3389/fonc.2023.100987
https://doi.org/10.3389/fonc.2023.100987
https://doi.org/10.7753/IJSEA1308.1023
https://doi.org/10.7753/IJSEA1308.1023
https://doi.org/10.7753/IJSEA1308.1023
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1109/ICCV.2017.74

Kishor and Bushara: Deep Learning for Colon Cancer Classification: A Comparative Review of State-of-the-Art Architectures
and Emerging Trends

Suri Babu Nuthalapati. (2023). Al-Enhanced Detection and Mitigation of Cybersecurity Threats in Digital Banking.
Educational Administration: Theory and Practice, 29(1), 357-368. DOI: 10.53555/kuey.v29i1.6908.
Tharwat, M., Sakr, N. A., El-Sappagh, S., Soliman, H., Kwak, K.-S., & Elmogy, M. (2022). Colon Cancer
Diagnosis Based on Machine Learning and Deep Learning: Modalities and Analysis Techniques. Sensors,
22(23), 9250. DOI: 10.3390/s22239250.

Tian, Y., Huang, R., & Xu, W. (2022). Contrastive Learning in Colon Cancer Image Classification. IEEE Access,
10, 37678-37689. DOI: 10.1109/ACCESS.2022.3179816.

Wang, R., Zhao, L., & Shen, D. (2023). Hybrid CNN-Transformer Architectures for Colon Cancer Diagnosis.
Nature Communications, 14, 5874. DOI: 10.1038/s41467-023-41794-1.

Xie, X., Wang, T., & Zhang, P. (2022). Self-supervised Pretraining for Colon Cancer Classification. Artificial
Intelligence in Medicine, 131, 102739. DOI: 10.1016/j.artmed.2022.102739.

Zhang, C., Yu, X., & Liu, J. (2024). Diffusion Models for Colon Cancer Histopathology Image Enhancement.
Nature Machine Intelligence, 6, 121-136. DOI: 10.1038/s42256-024-01127-7.

Zhou, Y., Liu, X., Zhang, H., & Sun, C. (2023). Swin Transformer for Colorectal Cancer Detection in
Histopathology Images. IEEE Transactions on Medical Imaging, 42(4), 1123-1134. DOI:
10.1109/TM1.2023.3249876.

JSSHA VOL 4, ISSUE 1, 2025 - PAGE 13


https://doi.org/10.53555/kuey.v29i1.6908
https://doi.org/10.53555/kuey.v29i1.6908
https://doi.org/10.3390/s22239250
https://doi.org/10.3390/s22239250
https://doi.org/10.1109/ACCESS.2022.3179816
https://doi.org/10.1109/ACCESS.2022.3179816
https://doi.org/10.1038/s41467-023-41794-1
https://doi.org/10.1038/s41467-023-41794-1
https://doi.org/10.1016/j.artmed.2022.102739
https://doi.org/10.1016/j.artmed.2022.102739
https://doi.org/10.1038/s42256-024-01127-7
https://doi.org/10.1038/s42256-024-01127-7
https://doi.org/10.1109/TMI.2023.3249876
https://doi.org/10.1109/TMI.2023.3249876
https://doi.org/10.1109/TMI.2023.3249876

