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ABSTRACT:

Early correct diagnosis of Colorectal cancer stands as the fundamental factor to boost patient survival because
this cancer ranks as a global leader both in incidence and mortality rates. The standard colonoscopy with biopsy
tests work well in diagnosis yet they severely impact patient comfort through their extensive nature and variable
observational results. The recent developments in artificial intelligence particularly deep learning enabled
precise automated interpretation of medical images through advances made in recent years. A study researches
the identification of colorectal cancer in histopathological images while using Xception and Max Vit networks
with transfer learning. The architectures were chosen considering their established strengths the depthwise
separable convolutions of Xception that facilitate efficiency and the hybrid vision transformer architecture of
MaxViT that captures local and global image dependencies. 1,51,118 histopathological images from a dataset
were classified into Microsatellite Stable (MSS) and Microsatellite Instability-Mutated (MSIMUT) classes for
training, validation, and testing. The system demonstrated strong performance in model classification after pre-
training its versions while reducing expenses and accelerating training duration. The proposed approach
strengthens pathologic assessments through reliable outcomes and stable performance while introducing
scalability to help clinicians with diagnosis processes for CRC in an expedient manner.

IndexTerms -Colorectal Cancer (CRC), Deep Learning, Transfer Learning, Histopathology /Histopathological
Images, Microsatellite Stable (MSS), Microsatellite Instability-Mutated (MSIMUT), Xception Model.

L.INTRODUCTION

The project is in the interdisciplinary field of Medical Imaging and Artificial Intelligence with an emphasis on
the use of state-of-the-art Deep Learning techniques to enhance early detection of Colorectal Cancer (CRC) .
Over the past few years, the intersection of available large-scale medical imaging datasets and computationally
exponential growth has allowed deep learning models to dominate the identification of subtle features and
anomalies in medical scans—details that frequently escape human observation.[14] This paradigm shift in
diagnosis promises much in the fight against one of the most lethal and most diagnosed cancers
globally.Colorectal cancer has a huge global health impact, being the third most common cancer and the second
leading cause of cancer death worldwide. According to the statistics from the World Health Organization
(WHO), an estimated 1.9 million new cases of CRC and 9,35,000 deaths are reported each year . The American
Cancer Society emphasizes the lifetime risk of developing CRC is approximately 1 in 23 among men and 1 in
25 among women, emphasizing the prevalence of the disease.[7] As much as it is prevalent, early-stage CRC is
usually asymptomatic or nonspecific in nature, resulting in delayed diagnosis and treatment. Yet, when
diagnosed in its early stages, CRC is very treatable, with survival rates of over 90%, and thus early detection is
essential for better outcomes. The conventional diagnostic methods like colonoscopies, tissue biopsies, and
visual examination of the histopathological slides by pathologists are commonly practiced but are intrinsically
invasive, time-consuming, and resource-intensive. In addition, human analysis is prone to human error in the
case of large quantities of intricate images or when image structure and clarity are inconsistent. The manual
process also involves a heavy cognitive and temporal burden on healthcare providers, emphasizing to the
imperative for automated systems that can complement diagnostic precision and efficiency .[10]
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1.1 Existing System

Colorectal cancer is currently diagnosed using colonoscopy, biopsy, and histopathological examination, which
are invasive, time-consuming, and costly. Pathologists face difficulties due to large volumes of images and
subtle differences between healthy and cancerous tissues, often leading to human error and inconsistent results.
Traditional machine learning methods depend on handcrafted features, which are insufficient for complex tissue
patterns, and many existing models suffer from data imbalance, overfitting, and poor generalization. High
computational needs further limit their use in resource-constrained settings. These drawbacks highlight the need
for an Al-based automated system to improve accuracy, speed, and reliability in cancer detection.|[8]

1.1.1 Challenges:

¢ Conventional methods like colonoscopy and biopsy are invasive, costly, and uncomfortable for patients.
Manual analysis of histopathological images is time-consuming and labor-intensive.

Diagnosis is prone to human error, fatigue, and inter-observer variability.

Traditional machine learning models rely on handcrafted features, which fail to capture complex tissue
structures.

Limited availability of annotated datasets reduces training efficiency.

Class imbalance in medical data often leads to biased predictions.[11]

1.2 Proposed system:

The proposed system introduces an Al-based automated framework for colorectal cancer detection using
advanced deep learning and transfer learning techniques. It leverages Convolutional Neural Networks (CNNs)
and pre-trained models such as Xception and MaxViT to classify histopathological images into Microsatellite
Stable (MSS) and Microsatellite Instability-Mutated (MSIMUT) categories.[9] By employing transfer learning,
the system reduces training time, minimizes overfitting, and achieves high accuracy even with limited annotated
medical data.

The models automatically extract both local and global image features, eliminating the need for handcrafted
features and improving diagnostic precision. Data augmentation techniques further enhance robustness and
generalization. With its scalable design, the proposed system ensures faster, reliable, and reproducible cancer
detection while reducing dependency on manual interpretation. Ultimately, this framework aims to support
pathologists by providing accurate second-opinion results, improving early diagnosis, and enabling integration
into real-world clinical workflows.[4]
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1.2.1 Advantages:

® Non-invasive and automated — Reduces patient discomfort compared to colonoscopy and biopsy-based
methods.[2]

® High accuracy — Deep learning models (Xception, MaxViT) improve classification performance for MSS
and MSIMUT.

® Time-efficient — Faster diagnosis compared to manual examination of histopathological slides.

® Minimizes human error — Provides consistent and objective predictions, reducing observer variability.

® Utilizes transfer learning — Leverages pre-trained CNN models to achieve high performance even with
limited medical datasets.

® Captures complex patterns — Automatically extracts both local and global features from images without
handcrafted features.[5]

® Scalable and reproducible — Can handle large datasets and produce uniform results across different
scenarios.

2 LITERATURE REVIEW:

Sara Hosseinzadeh Kassani, Peyman Hosseinzadeh Kassani and Michal J. Wesolowski compare deep transfer
learning-based models for colorectal cancer histopathology segmentation. The research analyzes the suitability
of deep transfer learning technology for histopathological image segmentation in colorectal cancer early
diagnosis? The research used challenging histology data comprised of colorectal tissue specimens with
distinctive shapes and uneven textures through whole slide images (WSIs). The research explored many deep
learning models through convolutional neural networks (CNNs) including DenseNet and LinkNet designed for
encoder-decoder segmentation operations. The models obtained efficiency through pre-training methods
together with patch-wise fine-tuning procedures for processing large WSI datasets. When tested in combination
the shared DenseNet-LinkNet proved to be the most effective architecture. The experimental portion shows that
transfer learning technique enables better segmentation accuracy while requiring less training time. The system
demonstrates reliable functionality together with consistent performance for medical facility operation. The
research analysis provides significant information that helps select optimal encoder backbones for segmentation
tasks in medical image processing.

2.1  Architecture:

The architecture of the proposed system is designed to classify histopathological images of colorectal cancer
into Microsatellite Stable (MSS) and Microsatellite Instability-Mutated (MSIMUT) classes using deep learning
and transfer learning.[13]

l. Input Layer: The system takes a large dataset of 151,118 histopathological images categorized into
MSS and MSIMUT.

2. Preprocessing: Images undergo cleaning, resizing, normalization, and data augmentation to enhance
quality, balance classes, and reduce overfitting.

3. Feature Extraction: Three advanced deep learning architectures are employed:

o Xception — uses depthwise separable convolutions for efficiency and accuracy.[15]

o MaxViT — combines CNN and transformer mechanisms to capture both local and global
dependencies.[1]

4. Transfer Learning: Pre-trained models (trained on large datasets like ImageNet) are fine-tuned on
medical images, reducing training time and improving accuracy with limited annotated data.

5. Classification Layer: The extracted features are processed through dense layers with activation
functions (Softmax/Sigmoid) to classify images into MSS or MSIMUT.

6. Evaluation Metrics: The system’s performance is assessed using Accuracy, Precision, Recall, F1-

Score, and Confusion Matrix.
7. Output: The final output provides the predicted cancer class (MSS or MSIMUT) along with reliable
decision support for pathologists, enabling faster and more consistent diagnosis.[12]
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2.2 Algorithm
e Xception
. Based on depthwise separable convolutions for efficiency and accuracy.
. Uses ReLU activation (hidden layers), Softmax (output), and Adam optimizer.
. Total: 126 layers.[3]
e MaxViT (Maximally Attentive Vision Transformer)
. Hybrid of CNN + Transformer.
. Uses multi-axis attention (window + grid attention) to capture both local and global features.
. Includes MBConv blocks, Layer Normalization, GELU activation, Adam optimizer.
. 11 layers (core transformer blocks[6]
2.2 Techniques:
e Deep Learning with Convolutional Neural Networks (CNNs)
. CNNs were employed to automatically extract spatial and morphological features from histopathology
images without manual feature engineering.
. They helped capture subtle differences between normal and cancerous tissues.
e Transfer Learning
. Pre-trained models (trained on large datasets like ImageNet) were fine-tuned on colorectal cancer
histopathology images.
. This reduced training time, prevented overfitting, and improved generalization on a limited medical
dataset.
e Data Augmentation
. Techniques such as scaling, flipping, and adding noise were used to artificially increase dataset
variability.
. This improved robustness of the models and helped prevent overfitting.
e Advanced Architectures
. Xception: Uses depthwise separable convolutions for efficiency and high accuracy.
. MaxViT (Vision Transformer): Combines CNN-like local feature extraction with transformer-based

global attention.

© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Page 4



International Scientific Journal of Engineering and Management (ISJEM) ISSN: 2583-6129
Volume: 04 Issue: 09 | Sept - 2025 DOI: 10.55041/ISJEM05039
An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

e Hyperparameter Tuning

. Careful optimization of learning rate, batch size, dropout rate, activation functions (ReLU, Softmax,
SiLU, GELU), and optimizers (Adam, RMSprop).

. Early stopping and ReduceLROnPlateau were used to avoid overfitting and optimize training.

e Evaluation Techniques

. Performance measured using Confusion Matrix, Accuracy, Precision, Recall, F1-score.

. Comparative study and ablation study were done to identify the best-performing model (Xception).

2.3 Tools:

SOFTWARE TOOLS:

e Python 3.x — Main programming language.

e TensorFlow / Keras — Deep learning frameworks used to build and train CNN and transfer learning models
(Xception, MaxViT).

e OpenCYV — Image preprocessing and handling histopathology images.

e NumPy / Pandas — Numerical computations and dataset handling.

e Matplotlib / Seaborn — Visualization of graphs, accuracy plots, and confusion matrices.

e Google Colab / Jupyter Notebook — Development and execution environment for coding, model training,
and testing.

HARDWARE TOOLS:

e GPU-enabled system — For faster deep learning training.

e Minimum 8GB RAM - To handle large medical image datasets.

o SSD Storage — For quick data loading and efficient dataset handling.

24 Methods:

e Data Collection & Preparation — A dataset of 1,51,118 histopathology images (MSS and MSIMUT) was
used, split into 70% training, 20% validation, and 10% testing for balanced evaluation.

e Data Augmentation — Techniques like scaling, flipping, and noise addition were applied to improve dataset
diversity and prevent overfitting.

e Transfer Learning — Pre-trained ImageNet models were fine-tuned for colorectal cancer classification,
reducing training time and improving accuracy.

e Deep Learning Models — Three architectures were implemented: Xception (efficient convolutions) and
MaxViT (CNN + Transformer hybrid).

e Hyperparameter Optimization — Learning rate, batch size, dropout, and activation functions were tuned,
with EarlyStopping and ReduceLROnPlateau used to prevent overfitting.

e Model Evaluation — Models were assessed using Accuracy, Precision, Recall, Fl-score, and confusion
matrices, with Xception giving the best overall performance.

3. METHODOLOGY
3.1 Input:

The input to the project consisted of histopathology images of colorectal cancer, with a total of 1,51,118 samples
divided into two categories: Microsatellite Stable (MSS) and Microsatellite Instability-Mutated (MSIMUT).
These high-resolution images captured tissue structures and cellular morphology, serving as the raw data for
training, validation, and testing of deep learning models to classify colorectal cancer. The dataset was balanced
across both classes, ensuring fairness in model learning. Images were preprocessed and resized to standard
dimensions to fit the model requirements. This large dataset provided a strong foundation for building accurate
and reliable deep learning-based classification models.

3.2 Method of Process:

The process of this project begins with collecting and preprocessing histopathology images of colorectal cancer,
followed by data augmentation to increase variability and prevent overfitting. Next, transfer learning is applied
by fine-tuning pre-trained models (Xception and MaxViT) on the dataset. The models are trained using
optimized hyperparameters such as learning rate, batch size, and dropout, with techniques like EarlyStopping
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and ReduceLROnPlateau to ensure efficient convergence. Finally, the trained models are evaluated using
Accuracy, Precision, Recall, F1-score, and confusion matrices, and a comparative study is conducted, where
Xception achieved the best performance among all models.

3.3 Output:

The output of the project is a trained deep learning model capable of accurately classifying colorectal
histopathology images into two categories: Microsatellite Stable (MSS) and Microsatellite Instability-Mutated
(MSIMUT). The models produced evaluation results in the form of accuracy, precision, recall, F1-score, and
confusion matrices, which helped measure their effectiveness. Among the tested architectures, Xception
achieved the best performance with an accuracy of 90.00%, making it the most reliable model for colorectal
cancer detection. The project thus delivers an automated system that supports early diagnosis and assists
pathologists in medical decision-making.
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4.RESULTS:

The project demonstrated that deep learning with transfer learning can effectively detect colorectal cancer from
histopathological images with high accuracy. Among the tested models, Xception achieved the best
performance with 90.00% accuracy, 89.73% precision, 92.94% recall, and a 89% F1-score, making it the most
reliable model for classification. MaxViT lagged behind with only 60.07% accuracy. Overall, the results
confirm that the proposed system, especially using the Xception model, can provide accurate and dependable
support for early and automated colorectal cancer diagnosis.

5. DISCUSSIONS:

The project discusses how deep learning and transfer learning significantly improve the accuracy and efficiency
of colorectal cancer detection from histopathological images. It highlights that Xception outperformed MaxViT,
achieving the highest accuracy, precision, recall, and F1-score, making it the most balanced model. The results
also emphasize the value of transfer learning in handling limited medical datasets, reducing training time, and
preventing overfitting. Additionally, the project discusses challenges such as intra-class variability of tissue,
limited annotated data, and the need for real-time diagnostic support. By comparing with other models like
VGG16, ResNet50, and MobileNetV2, the study reinforces that Xception provides the most dependable
performance. Overall, the discussion underlines the potential of Al-powered systems to assist pathologists,
reduce human error, and provide scalable, reliable, and faster colorectal cancer diagnosis in clinical practice.
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6. CONCLUSION:

This project demonstrates the effective use of deep learning and transfer learning for automating colorectal
cancer classification from histopathological images. Using a dataset of over 150,000 images, two models—
Xception and MaxViT—were trained to distinguish between MSS and MSIMUT categories. The models
achieved high accuracy, with Xception performing best, showing the potential of CNNs to extract complex
patterns and improve diagnostic precision. Transfer learning further enhanced performance by reducing
computational needs and reliance on large annotated datasets. The study also addressed challenges such as intra-
class variability, limited data, and the need for real-time support, ultimately presenting a scalable and reliable
framework for computer-aided cancer diagnostics.

7. FUTURE SCOPE:

The future scope of this project offers several promising directions. One important area is improving model
generalization across diverse datasets, ensuring robustness when applied to different hospitals, demographics,
and imaging scanners. Another key direction lies in integrating Al systems with clinical workflows by building
user-friendly interfaces and adhering to regulatory standards such as HIPAA and FDA guidelines. Enhancing
explainability and trust in Al is also crucial, where techniques from Explainable Al (XAI) can help clinicians
interpret predictions with confidence. Additionally, the system can be extended to multi-class and multi-modal
analysis, going beyond MSS vs. MSIMUT classification to include genomic data, clinical notes, or other
imaging modalities. Optimizing models for edge deployment and real-time processing would allow usage in
low-resource or portable medical settings, increasing accessibility. Finally, incorporating continuous learning
approaches, such as incremental or active learning, would enable the models to evolve and improve as new
medical data becomes available, ensuring long-term adaptability and reliability.
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