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ABSTRACT 

One of leading causes of cancer-related death is colorectal cancer; therefore, timely and correct 

diagnosis is of maximum priority. Most conventional diagnostics methods like histopathology and 

imaging do not measure up in terms of precision and speed of operation. The promise of AI and deep 

learning is being explored in addressing this very problem. The work employs deep learning models 

including CNNs and GANs for the purpose of colorectal cancer detection. It is also making use of the 

explainable AI methods like SHAP and Grad-CAM to enhance the interpretability of the model, which 

would subsequently improve the trust and transparency during AI diagnosis. Key performance 

indicators to assess include F1-score, AUC-ROC, recall, accuracy, and precision. The evaluation 

results have shown dramatic increase in detecting colorectal cancer using those algorithms by lowering 

false positives and negatives, hence improving diagnostic decisions made by healthcare providers. This 

opens doors for diagnostics with a look at improvements for AI in diagnosing cancers in the future. 
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I. Introduction 

Colorectal cancer is one of the most prevalent cancers in the world, and it is also one of the most 

common killers in terms of cancer deaths[1] . Early detection improves the prospects of patients, so a 

diagnosis in an early stage increases the five-year survival rate over 90%[2] . But some common 

methods of colorectal cancer screening such as colonoscopy, histopathology, and stool-based 

biomarkers tests have challenges concerning cost, invasiveness, and unconsistently inaccurate 

outcomes[3][4]. While colonoscopy works well, it takes a considerable amount of time and needs 

highly skilled personnel to analyze it. In contrast, stool-based tests have poor sensitivity toward tumors 

at an early stage[6]. All of this highlights the urgent need for sophisticated AI solutions that increase 

the accuracy of diagnosis and completely automate the detection of cancers[7]. 

Deep learning has been an exciting development for medical imaging: it offers automated, highly 

accurate solutions for the detection of CRC[8]. CNNs have shown impressive performances in 

analyzing medical images, classifying colorectal polyps and tumors with precision. Furthermore, 

GANs help with the scarcity of data in the medical field by creating synthetic images of great quality 

that improve the model generalization and robustness. Explanation AI methods such as Gradient-

weighted Class Activation Mapping (Grad-CAM) and Shapley Additive explanations (SHAP) further 

make transparency of deep learning models clearer so that the AI diagnostic systems are interpretable 

and reliable for use in clinical practice[13][14]. 

This paper, therefore, aims at an overall description of AI methodologies applied in detecting CRC, 

with an emphasis on the contribution made by CNNs and GANs in performing an early 

diagnosis[15][16]. It also identifies open gaps in existing research, investigates challenges involved in 

AI implementation[17], and discusses some further perspectives on integrating deep learning models 

into the clinical workflow. 

 

II. Literature 

Colorectal cancer (CRC) detection is being considered that has greatly evolved by virtue of artificial 

intelligence (AI) and deep learning approaches. Conventional screening methods have their own 
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disadvantages: they are too invasive, too expensive, and there is the issue of inter-observer variability 

in the diagnostic accuracy that they can provide. In many cases, diagnosis is based on an expert 

interpretation, which sometimes makes them subjective and body to variabilities and human 

inaccuracies. Machine learning and deep learning have arisen as powerful techniques to increase 

diagnostic accuracy and to automate the detection of CRC; hence, machine assessments are performed 

less frequently. 

There are several studies dedicated to CRC detection that have implemented Convolutional Neural 

Networks (CNN) capabilities to identify features from medical images that are not easily seen. CNNs 

have analogous polymorphic accuracies in colonoscopy, polyp detection, histopathology image 

classification, and biomarker-based methods for screening purposes. Still, it should be of concern if 

CNN models efficiently adapt to unseen domains to work correctly, as they ask for very large labeled 

datasets in which summarization remains an essential  important concern for such enjoining  the field 

of medical AI. 

Explainable AI techniques-in this case, Gradient-weighted Class Activation Mapping (Grad-CAM) 

and Shapley Additive Explanations (SHAP) have also been undertaken to render AI-enabled CRC 

diagnostic models interpretable. These methods provide insight into how model decisions are made, 

partly solving black-box nature of deep learning systems, and instilling clinical confidence in AI- 

enabled diagnostics. 

Despite advances in AI-enabled CRC detection, there are still limits imposed by small labeled datasets, 

model interpretability, and clinical validation. In this review, we would give a comprehensive account 

of existing AI techniques, point out the gaps in research regarding the combined use of CNN and GAN, 

and reveal the areas that future researchers ought to focus on in order to create clinically applicable 

deep learning models in CRC detection. 

AI-based CRC detection has also been recently transitioning to hybrid methods, which make use of an 

amalgamation of various deep learning techniques to better the prediction efficiency of the model. 

GANs have been applied to synthesize medical images to mitigate the challenges posed by data paucity 

and improve the quality of the training dataset. Further followed by the deployment of ViTs, there is 

improved contextual comprehension with regard to histopathology interpretation. Further, integration 

with XAI techniques, such as Grad-CAM and SHAP, has been made to improve interpretability aspects 

of the model, and hence trust and acceptance by clinicians in these AI-driven diagnoses. 

Nevertheless, this development is not without limitations in data availability, model interpretability, 

and clinical validation. Further research needs to be conducted on these limitations before the AI 

systems will be able to work in tandem with the existing workflows for real-world CRC detection. 

There have been hybrid AI models formed from various modalities to attain the highest performance 

in treatment. Examples include generative adversarial networks (GANs) in image synthesis, to remedy 

challenges in data scarcity, and with vision transformers (ViT) to better understand the contextual 

essence of histopathological images, not forgetting XAI like Grad-CAM and SHAP, which  enhance  

model  explainability,  thereby engendering confidence in AI diagnostics in pathology. 

Hybrid Artificial Intelligence architectures have been studied, combining CNNs with various other 

techniques, including generative adversarial networks and vision transformers, among others, 

depending on the scope of the models. GANs have shown particular promise generating synthetic 

histopathology images, providing solutions for problems related to scarcity of data and enhancing the 

robustness of deep learning models. 

Further, XAI techniques, such as Grad CAM and SHAP, have been introduced to allow quick, in- 

transparent explanations of the models for better clinical acceptance. Aside from this progress, 

problems remain with data availability, interpretability of models, and validation in clinical settings. 

These overcoming problems need to be studied in greater detail, so AI can be integrated into workflows 

for CRC detection in the real world-still making sure it's reliable, efficient, and well-accepted by the 

medical community. 

2.1 Traditional method for CRC diagnosis 
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2.1.1 Colonoscopy and imaging Based Screening 

Colonoscopy is still the most reliable and effective way to visualize polyps and malignant tissue, and 

therefore to detect colorectal cancer (CRC). However, even though its diagnostic capabilities are 

valuable, the procedure itself is considered invasive, costs quite a bit, and takes time; furthermore, the 

discomfort to the patient results in low compliance with the recommendations made by their healthcare 

providers. Consequently, it may not be as widely accessible in low-resource settings, making routine 

screening insufficient in many developing countries. In order to minimize limitations of the procedure, 

non-invasive imaging alternatives such as CT colonography and MRI colonography have been piloted. 

Non-invasive techniques alleviate discomfort and are more widely accessible, although they do not 

provide the same heightened resolution visualizations for early-phase tumors, leading to greater 

potential false-negative reporting. Emerging artificial intelligence (AI) assisted imaging continue to 

provide reassuring advancements in improving sensitivity and diagnostic accuracy while providing 

greater reliability in early detection of tumor growth from CRC. However, additional clinical 

corroboration and large-scale studies are required for seamless integration of AI imaging into CRC 

screening. 

2.1.2 Bio Marker Based Detection 

In this regard, various research works proposed different screening methodologies, including FOBT 

and FIT, or using cancer biomarkers such as CEA and methylated SEPT9 DNA. 

An alternative to early screening procedures for CRC is based on such biomarker tests, which are 

generally less expensive and less invasive than colonoscopies but also tend to exhibit comparatively 

lower specificity and sensitivity, especially in the context of early-stage CRC. Lately, there are some 

newer prospective studies that showcase the potential of circulating micro-RNAs and exosome RNAs 

as noninvasive biomarkers for the detections of CRC.AI-based applications are developed to better 

refine the risk assessment according to biomarker detection, but large population validation requires 

much more effort. 

2.1.3 Machine Learning Approaches for CRC Diagnosis 

Traditional machine learning (ML) approaches, such as Support Vector Machines (SVMs), Decision 

Trees, and Random Forest models, are traditionally used for CRC classification. These methods are 

based on handcrafted feature extraction and require input from people who have very high domain 

knowledge. Whereas they manage to attain moderate accuracy using ML models, they struggle with 

complex, high-dimensional medical imaging data, so it's crucial to have big, nicely annotated datasets 

for them to generalize well. CNN in the structure of automatic extraction has lifted these very obstacles 

to higher. 

2.2 Deep Learning in CRC Detection 

Deep learning has changed the face of colorectal cancer (CRC) diagnostics by automating feature 

extraction, providing a high degree of accuracy and scalability in the diagnostic process. Instead of 

traditional machine learning models that require manual feature engineering, deep learning 

architectures learn hierarchical patterns directly from medical data in its raw state, which works well 

for complex medical imaging. As a result, deep learning has improved polyp detection during 

colonoscopy, histopathology image classification, and biomarker-based risk assessment to increase the 

accuracy and efficiency of CRC diagnosis. Furthermore, deep learning combined with AI driven 

clinical decision support systems have enhanced early diagnosis by reducing the amount of subjective 

reasoning from experts and decreasing human error. 

2.2.1 Convolution Neural Network for CRC Detection 

Convolutional Neural Networks (CNNs) have evolved into a central deep learning approach used in 

colorectal cancer (CRC) detection with vast applications in polyp detection, histopathology image 

classification, and biomarker analysis. CNNs possess the capability of spatial and structural feature 

extraction from medical images, thereby automating diagnosis and minimizing the reliance on human 

interpretation. Research has indicated that CNN-based care model enhances the accuracy of early 

detection remarkably, particularly for polyp segmentation during colonoscopy and histopathological 
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tissue differentiation. Higher performance CNN architectures (ResNet, EfficientNet, Inception, etc.) 

have all been found to achieve high classification performance with certain research indicating 

accuracy of over 96% between benign and malignant tissue differentiation. Finally, while there have 

been advances in AI aided detection of CRC, challenges remain to be overcome such as availability of 

datasets, model explainability, and clinical validation. As AI methods mature and improve, future work 

in hybrid AI models and explainable deep learning models is necessary to enhance the diagnosis of 

CRC. 

2.2.2 Transformer Based Models For CRC Detection 

In recent developments, Vision Transformers (ViTs) have been adapted to colorectal cancer (CRC) 

detection, especially in image analysis of histopathology. Unlike Convolutional Neural Networks 

(CNNs), which work based on the extraction of local spatial features, ViTs utilize self- attention 

mechanisms to find long-range dependencies This unique property can make ViTs particularly 

effective for classifying microscopic tissue, allowing for modeling complex histopathological features, 

improving interpretability, and assisting with accurate cancer differentiation. Whereas ViTs have 

demonstrated strong effectiveness and have outperformed CNNs in some studies of histopathology-

based CRC detection, broad uptake for clinical application is certainly still limited. Most prominently, 

high computational costs, reliance on large-scale annotated datasets and increased complexity 

associated with training ViT models have restricted their uptake within applied diagnostics. For these 

reasons, in practice, CRC diagnostic frameworks still rely on CNN-based architectures, whereas ViTs 

continue to emerge as a research area that would require more optimization before practice based 

deployment. Future research should explore hybrid CNN-ViT models that capitalize on the strengths 

of both architectures to improve CRC diagnostic accuracy and concrete applicability in early detection. 

2.2.3 Explainable AI (XAI) in CRC Detection 

To overcome the black-box complexity of deep neural networks for diagnosing colorectal cancer 

(CRC), the deployment of Explainable Artificial Intelligence (XAI) approaches brings about 

interpretability and transparency to model predictions. Among the most known XAI approaches, 

Gradient-weighted Class Activation Mapping (Grad-CAM) and Shapley Additive explanations 

(SHAP) enable the user  intuitively understand  way  deep learning model arrives at a diagnosis. Grad-

CAM demonstrates important parts of the images for interpretability in image modalities such as 

histopathological images and colonoscopy images, for tumor localization and polyp detection, and 

SHAP assigns importance to each feature, to help reinforce that the model is making decisions in a 

manner that is consistent with clinical diagnoses. The integration of XAI methods into deep learning 

models provides healthcare providers with a greater acceptance of AI methods and supports the growth 

of a safer and more transparent adoption of AI into CRC diagnoses. 

The integration of XAI methods into deep learning models provides healthcare providers with a greater 

acceptance of AI methods and supports the growth of a safer and more transparent adoption of AI into 

CRC diagnoses. However, there are still challenges related to consistency of the explainability 

techniques used, and that the clinical relevancy of the XAI and the fact that it can be understood by 

non-technical users. Future research should focus on potential optimized methods of XAI, merges with 

hybrid AI models, and evaluating the performance of XAI in these models with large-scale clinical 

trials, with the goal of building trust and wider application into CRC screening. 
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NO Technique / Models Purpose Reported Accuracy 

1 CNN (Convolutional Neural 

Network) 

Computerized feature 

extraction from 

histopathology and 

colonoscopy images 

91% - 96 % 

2 Vision Transformer (ViT) Attention based  

histopathological image  

classification 

92%- 97% 

3 Colonoscopy Manual visual examination 

of the colon for polyps and 

tumors 

85%- 95% 

4 MRI / CT Colonography Non-invasive 

imaging option 

70% - 88%,  

depends highly on size of 

colon tumor 

5 Biomarker-based Tests (e.g., 

SEPT9, CEA, FOBT, FIT) 

Non-invasive  

stool/blood test 

60% -80%,  

usually lower for early-

stage cancer 

6 Explainable AI (Grad-CAM, 

SHAP) 

Supports interpretation of 

priors from CNN/ViT on 

pathology images 

No direct accuracy - 

increases trust & 

transparency 

Figure 1 :- Summary of techniques and Their  Reported Accuracy for colorectal cancer detection  

 

III. Conclusion 

This study introduces a method for the early detection of colorectal cancer (CRC) using an AI- enabled 

system that combines Convolutional Neural Networks (CNNs) for feature extration, and Generative 

Adversarial Networks (GANs) for data augmentation and synthetic image generation. The proposed 

system tackles critical challenges for CRC detection, such as the difficulty of acquiring a useful dataset, 

sensitivity for early-stage diagnosis, and the need for automated, high-accuracy screening methods. 

The use of GANs for synthetic CRC images guarantees that the AI model is trained on a more diverse 

and well-balanced dataset, which helps expand the model's generalization properties and enhances 

diagnostic accuracy. The CNN for feature extraction allows the detection of small changes to the 

structure of the images from colonoscopy and histopathology, significantly facilitating the 

identification of early-stage cancer. The study's findings indicate that deep learning models trained on 

an augmented dataset outperform traditional methods of CRC detection. Future work will include 

creating a real-time deployment within a clinical setting, optimizing the model for low-resource 

contexts, as well as verification against multi- institutional datasets. The results presented in this study 

could improve the CRC screening process by making an AI-assisted diagnosis more transparent, 

efficient, and efficacious at reducing mortality associated with colorectal cancer. 
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