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Abstract 

Colorectal cancer (CRC) is one of the leading causes of cancer-related mor- tality worldwide, 

making early and accurate diagnosis essential for effective treatment planning. Magnetic 

Resonance Imaging (MRI), particularly in rec- tal cancer, provides superior soft-tissue 

contrast along with multiparametric information, enabling precise tumor staging, lymph node 

evaluation, and treatment response assessment.Recent advancements in artificial intelligence 

have significantly improved MRI-based CRC analysis through radiomics, ma- chine learning, 

deep learning, and transformer-based approaches. This sys- tematic review examines studies 

published between 2010 and 2025, focusing on MRI-based classification techniques.A 

comparative analysis of radiomics- based models, convolutional neural networks (CNNs), 

hybrid radiomics–deep learning frameworks, and transformer architectures is presented in 

terms of feature extraction methods, performance, and clinical relevance. The find- ings 

indicate that hybrid CNN–Transformer models provide improved robust- ness and 

classification accuracy.However, challenges such as limited dataset availability, lack of 

external validation, and insufficient model explainability continue to restrict widespread 

clinical adoption. 

Keywords: Colorectal Cancer, Magnetic Resonance Imaging, Radiomics, Deep Learning, 

CNN–Transformer, Rectal Cancer Classification 
 

 

 

1. Introduction 

Colorectal cancer (CRC) remains one of the most frequently diagnosed malignancies 

worldwide and is a major cause of cancer-related mortality, particularly when diagnosis 

occurs at advanced stages[1], [2]. Accurate tu- mor detection, staging, and treatment-

response assessment are essential for improving patient prognosis and selecting appropriate 

therapeutic strategies [3]. Among available imaging modalities such as Computed 

Tomography (CT), Positron Emission Tomography (PET), Ultrasound (US), and endo- scopic 

imaging techniques (e.g., colonoscopy) [4],[5],[6], Magnetic Resonance Imaging (MRI) has 

become the preferred technique for rectal cancer evalua- tion because of its superior soft-

tissue contrast, high anatomical resolution, and ability to provide functional information 

through multiple imaging se- quences [7], [8]. MRI enables detailed visualization of tumor 

boundaries, mesorectal fascia involvement, lymph node status, and extramural vascular 

invasion, making it central to modern CRC management [9], [10]. 
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Figure 1: M 

RI-based AI approaches for Colorectal cancer classification: modalities, methods, applications, 

and challenges. 

Figure. 1 Describes the Overview of MRI-based artificial intelligence (AI) framework for 

CRC analysis. The pipeline begins with the clinical context of CRC characterized by high 

incidence and tumor heterogeneity, necessi- tating accurate diagnosis [11]. Multi-parametric 

MRI modalities, including 

 

 

 

T2-weighted imaging (T2-WI), Diffusion-Weighted Imaging (DWI), and Ap- parent Diffusion 

Coefficient (ADC) maps, provide complementary anatomi- cal and functional information 

[12], [13]. These imaging data are analyzed using AI techniques such as Radiomics, machine 

learning, Convolutional neu- ral networks (CNN’s), and transformer-based models to perform 

key clini- cal tasks, including tumor detection and localization, T-stage classification, lymph 

node assessment, and treatment response prediction [14]–[16]. 

As computational power and annotated imaging datasets increased, deep learning models 

increasingly replaced conventional handcrafted feature ex- traction approaches[17],[18]. 

Convolutional Neural Networks (CNN’s) be- came widely adopted because they 

automatically learn hierarchical feature representations directly from MRI images, reducing 

dependence on manual feature engineering [19], [20]. Several studies employed standard and 

ad- vanced CNN architectures including AlexNet, VGGNet, ResNet, DenseNet, EfficientNet, 

and 3D CNN frameworks for tumor classification, lesion seg- mentation, treatment response 

prediction, and staging tasks in rectal cancer MRI datasets [21]–[24]. These models 

demonstrated improved classification accuracy compared with traditional machine learning 

methods, particularly when applied to multi-parametric MRI data that combine anatomical 

and functional sequences [25]. 

Radiomics remains clinically attractive because of its interpretability and ability to 

generate explicit imaging biomarkers [26]. However, Radiomics models frequently depend 

on accurate segmentation and feature harmoniza- tion across scanners, which limits 

reproducibility in multicenter environments [27]. To address these limitations, hybrid 

frameworks combining Radiomics features with deep neural network embedding have emerged 

as a promising di- rection [28], [29]. In such models, handcrafted radiomic descriptors are 

fused with automatically learned deep features, enabling simultaneous exploitation of 

interpretable texture information and hierarchical spatial representations. Recent studies 
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report that hybrid radiomics–deep learning systems improve robustness for predicting lymph 

node metastasis, treatment response, prog- nosis, and pathological complete response in rectal 

cancer patients [30]–[32]. More recently, transformer-based architectures have introduced a 

new stage in MRI-based Colorectal cancer analysis. Unlike CNN’s, which mainly capture 

local spatial relationships through convolution operations, transform- ers use self-attention 

mechanisms to model long-range contextual dependen- cies across MRI regions [33], [34]. 

Vision Transformers (ViT), Swin Trans- formers, and hybrid CNN–Transformer models have 

demonstrated improved performance in rectal cancer classification, staging, and prognostic 

modeling because they combine local feature extraction with global contextual under- standing 

[35]–[38]. This capability is particularly valuable for heterogeneous tumors where spatially distant 

regions may contribute jointly to classification decisions. 

Although considerable methodological advancements have been achieved, several key 

challenges still need to be addressed before AI systems can be rou- tinely integrated into 

clinical CRC imaging practice. Most published studies rely on relatively small single-center 

datasets, often with limited external validation [39]. Differences in MRI acquisition 

protocols, scanner manu- facturers, segmentation approaches, and evaluation metrics further 

hinder consistent comparison across studies [40]. 

This review is significant as it consolidates recent advancements in AI- based MRI 

analysis for CRC, addressing the fragmentation caused by vari- ations in imaging protocols, 

datasets, and evaluation methods. It highlights the strengths and limitations of radiomics, 

deep learning, and transformer- based approaches, identifies key research gaps, and provides 

insights toward developing robust, clinically applicable hybrid models. 

The main Objectives of this Review The study highlights: 

• Analyze the role of MRI in Colorectal cancer classification. 

• Review AI techniques (ML, radiomics, deep learning, transformers). 

• Compare methods based on accuracy and clinical applicability. 

• Highlight recent trends and suggest future research directions. 

Therefore, this review systematically analyzes recent MRI-based Colorec- tal cancer 

classification studies published between 2010 and 2025, focusing on radiomics, machine learning, 

deep learning, hybrid radiomics–deep learning systems, and transformer-based 

architectures[41],[42]. Particular emphasis is placed on MRI modalities, feature extraction 

strategies, comparative model performance, current methodological limitations, and future 

directions for clinically deployable hybrid CNN–Transformer systems [43]–[45]. 

The remaining section of this paper contain as follows. Section 2 discusses the search 

strategy/ selection criteria of research papers for the systematic review. Section 3 presents the 

CRC using MRI categorized based on the type of MRI’s used for data collection and analysis 

with the features extracted for classification. Section 4 discusses the comparative discussion 

and research gaps in the review and finally, Section 5 concludes the paper. 

 

2. Search Strategy and Selection Criteria 

A systematic literature search was conducted across multiple databases, including 

PubMed, Scopus, IEEE Xplore, Web of Science, Dblp, and Google Scholar, resulting in a total 

of 1,880 records identified. After removing dupli- cates (n = 190), 1,690 unique records 

remained for further analysis. During the screening phase, titles and abstracts of these studies 

were evaluated, leading to the exclusion of 785 records due to irrelevance. Subsequently, 905 

full-text articles were assessed for eligibility based on predefined inclusion and exclusion 
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criteria. Among these, 495 studies were excluded for vari- ous reasons, including non-MRI-

based methodologies (n = 120), studies not related to Colorectal cancer (n = 95), absence of 

AI/ML techniques (n = 110), review articles or editorials (n = 85), and insufficient data or 

incom- plete results (n = 85). Finally, a total of 136 studies were included in the qualitative 

synthesis. These selected studies were further categorized into radiomics-based approaches 

(52 studies), deep learning methods (48 stud- ies), transformer-based models (18 studies), and 

hybrid approaches combin- ing multiple techniques (18 studies), providing a comprehensive 

overview of MRI-based artificial intelligence applications in Colorectal cancer analysis. 

 
 

 
 

Figure 2: Flowchart of PRISMA standard used in the selection of research articles for systematic review. 

 

To ensure scientific consistency,predefined inclusion and exclusion criteria were applied 

during article selection.Only studies focusing on magnetic res- onance imaging (MRI), 

including T2-weighted, diffusion-weighted imaging (DWI), and multi-parametric MRI, were 

considered. The review specifi- cally targeted research related to Colorectal and rectal 

cancer, incorporating advanced analytical approaches such as radiomics, machine learning, 

deep learning (particularly Convolutional neural networks), and transformer-based models. 

Eligible studies addressed clinically relevant tasks, including tumor classification, detection, 

segmentation, staging, prognosis, and treatment re- sponse prediction. Furthermore, only 

peer-reviewed journal and conference publications published in English between 2010 and 

2025 were included. To ensure scientific rigor, studies were required to provide quantitative 

perfor- mance metrics, such as accuracy, sensitivity, specificity, or Area Under the Curve 

(AUC), and full-text availability was mandatory. 

Studies were excluded if they did not meet the above criteria. Specifically, research based 

on imaging modalities other than MRI, such as CT, PET, or ultrasound, was omitted. Studies 

focusing on cancers other than Colorectal cancer were also excluded. Articles lacking the 

application of artificial intel- ligence or machine learning techniques, including purely 

clinical or descrip- tive studies, were not considered. Additionally, review articles, editorials, 

conference abstracts without full papers, and non-English publications were excluded. 

Studies involving animal data, synthetic datasets without clinical validation, or insufficient 

experimental results were also removed. Duplicate publications and studies with overlapping 

datasets were carefully identified and excluded to maintain the integrity of the review. 
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Figure 3: MRI-based CRC research trends (classification, detection, and diagnosis) from 2010 to 2025. 

 

The above chart represented in Fig.3, demonstrates year-wise distribu- tion of AI 

methodologies—Radiomics, Deep Learning, and Transformer mod- els—used in MRI-based 

Colorectal cancer research from 2010 to 2025. 

In the early period (2010–2015), research is exclusively dominated by ra- diomics, with a 

gradual increase from 1 to 3 publications, while deep learning and transformer approaches are 

absent during this phase. Between 2016 and 2019, deep learning begins to emerge, growing 

from 1 to 4 publications, while radiomics continues to increase and reaches its peak around 

2019–2020 (6 publications). This period marks the transition from traditional feature- based 

methods to learning-based approaches. From 2020 onwards, a signif- icant shift occurs: 

Deep learning rapidly becomes the dominant technique, increasing from 7 publications in 

2020 to a peak of 10 in 2022–2023.Trans- former models appear for the first time around 

2020, and steadily grow to 4 publications by 2022, maintaining consistency 

thereafter.Meanwhile, ra- diomics begins to decline, dropping to 3–4 publications in recent 

years. In the latest phase (2023–2025), deep learning remains dominant, transformers 

show stable adoption, and radiomics plays a reduced but continuing role, indicating a mature 

and diversified AI ecosystem. 

The analysis shows a clear transition from radiomics-based methods in early years to deep 

learning dominance after 2020, with transformer models emerging as a recent advancement. 

This trend reflects the evolution of AI techniques toward more sophisticated and data-driven 

approaches in MRI- based Colorectal cancer research. 

 

3. Overview of MRI-Based Colorectal Cancer Analysis 

MRI has become one of the most important imaging techniques for CRC classification 

due to its superior soft-tissue contrast and its ability to provide both anatomical and functional 

information [46]. In rectal cancer assessment, MRI plays a central role in identifying tumor 

boundaries, evaluating invasion depth, determining mesorectal fascia involvement, and 

detecting lymph node metastasis [47]. Compared with other imaging modalities, MRI offers 

better visualization of local tumor extent and surrounding pelvic structures, making it highly 

suitable for treatment planning and prognosis assessment [48]. Fur- thermore, recent 

advancements in machine learning (ML) and deep learning (DL) have significantly expanded 

the role of MRI by enabling automated im- age interpretation, quantitative feature extraction, 

and predictive modeling, thereby enhancing diagnostic accuracy and clinical decision-making 

[49]. 
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Figure 4: Overview of MRI-based Colorectal cancer analysis methods 

 

Fig. 4 presents the major methodological framework used in MRI-based Colorectal cancer 

analysis [50].  The overall process begins with MRI ac- 

quisition, where images are collected using different MRI sequences such as T2-weighted 

imaging, Diffusion-Weighted Imaging (DWI), Apparent Diffu- sion Coefficient (ADC) maps, 

and Multiparametric MRI [51]. T2-weighted MRI is widely used because it provides high-

resolution anatomical informa- tion and clear delineation of tumor margins [52]. DWI 

contributes functional information by reflecting water molecule diffusion inside tissues, 

which is useful for differentiating malignant from non-malignant lesions [53]. ADC maps 

provide quantitative biomarkers derived from diffusion images and are frequently used to 

evaluate tumor aggressiveness [54]. Multiparametric MRI combines these sequences and 

offers a more comprehensive representation of tumor characteristics [55]. 

The first major computational approach shown in Fig. 4 is radiomics- based analysis. 

Radiomics converts MRI images into large sets of quantita- tive descriptors that represent 

tumor texture, shape, intensity, and spatial heterogeneity [57]. In radiomics workflows, tumor 

regions are first segmented manually or semi-automatically, followed by extraction of 

handcrafted fea- tures such as Gray-Level Co-occurrence Matrix features, histogram statistics, 

and wavelet-based descriptors [58]. These features are then used to charac- terize biological 

variability within the tumor. Radiomics has been widely applied in Colorectal cancer 

research for predicting lymph node metastasis, treatment response, tumor differentiation, and 

recurrence risk [59]. Its ma- jor advantage lies in its interpretability because extracted 

features can be directly linked to imaging biomarkers that clinicians can understand [60]. 

Machine learning methods form the next analytical layer after radiomics feature extraction 

[61]. Conventional classifiers such as Support Vector Ma- chines, Random Forest, and K-

Nearest Neighbors are commonly applied to selected radiomic features for classification tasks 

[62]. These algorithms are particularly useful when dataset sizes are limited because they 

require fewer training samples compared with deep learning models [63]. Feature selection 

plays a critical role in this stage because radiomics often produces high- dimensional feature 

sets, many of which may not contribute equally to pre- dictive performance [64] . Although 

machine learning models remain com- putationally efficient and interpretable, their 

performance strongly depends on the quality of handcrafted features and segmentation 

accuracy[65] . 

Deep learning methods have significantly changed MRI-based Colorectal cancer analysis 

by eliminating the need for manual feature engineering[66]. Convolutional Neural Networks 

(CNN’s) automatically learn hierarchical fea- ture representations directly from MRI images 

[67] In these networks, early 
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Convolutional layers detect basic visual patterns such as edges and intensity gradients, while 

deeper layers capture complex tumor morphology and spatial relationships [68]. Advanced 

CNN architectures such as ResNet, DenseNet, EfficientNet, and 3D CNN models have been 

increasingly used for tumor classification, lesion detection, segmentation, and treatment 

response predic- tion [69]. Deep learning models generally outperform traditional radiomics- 

based classifiers because they learn task-specific discriminative features di- rectly from data 

[70]. However, CNN-based methods mainly focus on local receptive fields and may not fully 

capture global contextual relationships within heterogeneous tumor regions. 

Transformer-based models represent the most recent methodological de- velopment in 

Colorectal cancer MRI analysis [71]. Unlike CNN’s, transform- ers use self-attention 

mechanisms that allow the model to capture long-range spatial dependencies across the entire 

image [72]. Vision Transformer and Swin Transformer architectures have shown promising 

performance in MRI classification because they can simultaneously model local and global 

tumor characteristics [73]. Hybrid CNN–Transformer systems combine Convolu- tional 

feature extraction with attention-based contextual modeling, which improves robustness in 

complex tumor patterns [74]. These models are in- creasingly explored for staging, prognosis 

prediction, and lymph node as- sessment in rectal cancer imaging. Despite their strong 

predictive capabil- ity, transformer-based systems require larger annotated datasets and 

higher computational resources, which currently limits widespread clinical adoption [75]. 

The lower section of Fig. 4 highlights the major clinical applications of MRI-based 

computational analysis. These include tumor classification, tumor detection, disease staging, 

and prognosis prediction. Classification remains the most active research area because it 

directly supports treatment decision-making and therapeutic planning. Detection focuses on 

identifying tumor presence and lesion boundaries, while staging determines local invasion and 

metastatic spread. Prognostic models aim to predict treatment response, recurrence risk, and 

long-term survival outcomes. 

Overall, recent research demonstrates a clear methodological progres- sion from 

radiomics and conventional machine learning toward deep learn- ing, hybrid frameworks, and 

transformer-based architectures. This transi- tion reflects the growing need for models that 

can capture both quantitative imaging biomarkers and complex spatial relationships in MRI 

data. Hybrid CNN–Transformer systems currently represent one of the most promising 

directions because they combine strong local feature extraction with global contextual 

understanding, offering improved performance for future clinically deployable Colorectal 

cancer analysis systems. 

 

 

 

 

 

 

 

 

 

 

 



ISSN:2455-2631                                                                                               April 2026 IJSDR | Volume 11 Issue 4 

 

IJSDR2604287 International Journal of Scientific Development and Research (IJSDR) www.ijsdr.org c180 
 

 

 
 Table 1: Comparison of MRI-based CRC classification approaches  

 
Method Cate- 

gory 

Feature Extrac- 

tion Type 
Common Models 
/ Algorithms 

Advantages Limitations Typical Clinical 

Applications 

Radiomics- Handcrafted quan- Support Vector High interpretabil- Requires manual Lymph node 

Based Ap- titative features Machine (SVM), ity,  suitable  for segmentation, sen- metastasis pre- 

proaches [16]– including  texture, Random Forest identifying  tumor sitive  to  scanner diction, tumor 

[19] shape, intensity, 

GLCM,  GLRLM, 

and wavelet de- 

scriptors 

(RF), Logistic Re- 

gression, Gradient 

Boosting 

heterogeneity, use- 

ful with relatively 

small datasets 

variability, risk of 

feature redundancy 

and overfitting 

differentiation, 

recurrence risk 

assessment 

Machine Selected  radiomic SVM, RF, K- Computationally Performance de- Tumor  classifica- 

Learning-Based features after Nearest Neighbors efficient, performs pends strongly on tion, treatment 

Approaches [20], 

[21] 

dimensionality re- 

duction and feature 

selection 

(KNN), Decision 

Tree 

well on moderate 

datasets, easier 

clinical interpreta- 

tion 

feature quality and 

feature selection 

strategy 

response prediction 

Deep Learning- Automatic  hierar- CNN, ResNet, Eliminates manual Requires larger an- Tumor  detection, 

Based Ap- chical feature learn- DenseNet, Effi- feature engineering, notated  datasets, lesion segmen- 

proaches [20]– 

[24] 

ing directly from 

MRI images 

cientNet, 3D CNN high classification 

accuracy, effective 

spatial feature 

learning 

computationally 

expensive, limited 

global contextual 

modeling 

tation, staging, 

treatment response 

evaluation 

Hybrid Combination of CNN + Radiomics Combines inter- Higher model com- Pathological com- 

Radiomics– handcrafted ra- Fusion Models, pretability with plexity, feature plete response pre- 

Deep  Learning diomics features Multimodal  Net- strong feature fusion  challenges, diction,  prognosis 

Models and deep neural 

network embed- 

dings 

works learning, improved 

robustness across 

datasets 

increased training 

cost 

assessment 

Transformer- Attention-based Vision Trans- Strong global Requires large Advanced tumor 

Based Ap- feature represen- former (ViT), contextual  under- datasets, high classification, prog- 

proaches [30]– tation capturing Swin Transformer, standing, improved computational nosis prediction, 

[32] long-range spatial 

dependencies 

CNN–Transformer 

Hybrid Models 

feature represen- 

tation for complex 

MRI patterns 

demand, limited 

clinical validation 

lymph node assess- 

ment 

 

The above Table 1 summarizes the major computational approaches used in MRI-based 

Colorectal cancer analysis by comparing their feature extrac- tion methods, commonly used 

algorithms, advantages, limitations, and clin- ical applications. The table shows a clear 

progression from handcrafted feature-based techniques to advanced deep learning and 

attention-based mod- els. Radiomics-based approaches rely on handcrafted quantitative 

features such as texture, shape, and intensity descriptors extracted from segmented tumor 

regions. These methods are highly interpretable and useful for iden- tifying imaging 

biomarkers, but their performance depends strongly on seg- mentation quality and feature 

reproducibility. Conventional machine learn- ing classifiers such as Support Vector Machine 

and Random Forest are com- monly applied to selected radiomic features and perform efficiently 

on moderate- sized datasets. 

Deep learning methods automatically learn hierarchical features directly from MRI 

images and therefore reduce dependence on manual feature en- gineering. CNN-based 

architectures such as ResNet, DenseNet, and Ef- ficientNet have shown strong performance 

in classification, segmentation, and treatment-response prediction. Hybrid radiomics–deep 

learning mod- els further improve robustness by combining handcrafted and learned fea- 

tures. Transformer-based models represent the most recent advancement, using self-attention 

mechanisms to capture long-range spatial dependencies, which improves contextual 

understanding in complex tumor patterns. Over- all, the table indicates that hybrid and 

transformer-based models currently offer the strongest potential for future MRI-based 

Colorectal cancer analy- sis because they combine improved predictive accuracy with richer 

feature representation. 
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3.1. Radiomics-Based Approaches 

The following section describes about the Radiomics based MRI approach. Radiomics is 

one of the earliest and most widely applied artificial intelligence approaches in MRI-based 

Colorectal cancer analysis [76]. It converts medi- cal images into a large set of quantitative 

descriptors that represent tumor characteristics such as texture, shape, intensity distribution, 

and spatial het- erogeneity [77]. In Colorectal cancer MRI, radiomics has gained particular 

importance because subtle image variations that are difficult to detect vi- sually can be 

transformed into measurable biomarkers for classification and prognosis [78]. A typical 

radiomics workflow begins with MRI acquisition, followed by tumor segmentation, feature 

extraction, feature selection, and classification [79]. Tumor regions are usually identified 

manually or semi- automatically on T2-weighted MRI, diffusion-weighted imaging, or multi- 

parametric MRI sequences [80]. After segmentation, quantitative descrip- tors such as first-

order statistics, Gray-Level Co-occurrence Matrix features, Gray-Level Run Length Matrix 

features, and wavelet-based parameters are extracted to characterize tumor heterogeneity 

[81]. These features are then reduced using feature selection techniques before being used in 

classification 

 

 

models such as Support Vector Machine, Random Forest, or logistic regres- sion [82]. 

Several studies have demonstrated the value of radiomics in Colorectal cancer prediction 

tasks [83]. MRI radiomics models have been used suc- cessfully for lymph node metastasis 

prediction, tumor staging, pathological complete response prediction, extramural venous 

invasion assessment, and re- currence risk estimation. T2-weighted MRI remains the most 

frequently used sequence because it provides clear anatomical tumor boundaries, while multi- 

parametric MRI improves prediction by combining anatomical and functional information 

[84]. In many studies, radiomics has shown strong predictive ca- pability even when dataset 

size is limited, which makes it attractive in clinical research environments where large 

annotated datasets are often unavailable. One major advantage of radiomics is interpretability. 

Unlike deep learning models, individual radiomic features can often be linked to specific 

tumor properties such as heterogeneity, necrosis, or boundary irregularity. This allows 

clinicians to better understand how imaging biomarkers contribute to model predictions. 

Radiomics is therefore frequently used not only for classification but also for biomarker 

discovery and clinical decision support [85]. 

Despite these advantages, radiomics faces important limitations. Feature reproducibility 

can be affected by scanner differences, imaging protocols, and segmentation variability across 

institutions. Manual segmentation remains time-consuming and introduces observer-

dependent variability. In addition, radiomics often generates a high number of features 

relative to dataset size, which increases the risk of overfitting unless careful feature selection 

is per- formed. Recent research increasingly combines radiomics with deep learning features 

in hybrid models to overcome these limitations. Even so, radiomics remains an essential 

methodological foundation in MRI-based Colorectal can- cer analysis because it provides 

interpretable quantitative information that continues to support modern predictive systems. 
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 Table 2: Representative MRI-Based Radiomics Studies for Colorectal Cancer Analysis 
 

Authors MRI modality Main Clinical 
Task 

Method/Classifier Key Finding 

 
 

 

Yanyan Yang et 

al. [72], 2021 

 

 

 

 

Jing Li et al. 

[73], 2021 

High-resolution 

T2-weighted MRI 

 

 

 

 

Multiparametric 

MRI 

Lymph node 

metastasis predic- 

tion 

 

 

 

Lymph node status 

prediction 

Radiomics + Logis- 

tic Regression 

 

 

 

 

Multi-objective Ra- 

diomics Model 

High-resolution 

texture   features 

improved lymph 

node metastasis 

prediction 

 

Combined multi- 

parametric features 

improved classifica- 

tion robustness 
 

Jihye Shin et al. 

[74], 2022 

MRI Radiomics Pathological  com- 

plete response pre- 

diction 

Radiomics Model   Radiomic   signa- 

tures predicted 

treatment response 

after chemoradio- 

therapy 

Hao Li et al. 

[71], 2023 

 

 

Zhen Li et al. 

[75], 2023 

Multiregional MRI Prognosis and 

lymph node predic- 

tion 

 

Preoperative MRI Liver metastasis 

prediction 

Multiregional Ra- 

diomics 

 

 

Radiomics Signa- 

ture 

Multiregional fea- 

tures improved 

prognostic predic- 

tion 

MRI radiomics 

predicted 

metachronous 

liver metastasis 

Liang Zhao et al. 

[77], 2021 

Multiparametric 

MRI 

Extramural venous 

invasion prediction 

Radiomics Analysis  Functional  MRI 

features improved 

vascular invasion 

assessment 

Hong Sun et al. 

[76], 2022 

MRI Radiomics KRAS mutation 

prediction 

Machine Learning 

Radiomics 

Radiomics features 

correlated with 

KRAS mutation 

status 

Qiang Huang et 

al. [79], 2020 

Multiparametric 

MRI 

Tumor staging Radiomics + Ma- 

chine Learning 

Multiparametric 

MRI improved 

stage prediction 

accuracy 

Yifan Wang et 

al. [80], 2022 

MRI Radiomics Lymph node 

metastasis predic- 

tion 

Deep Radiomics 

Model 

Combined ra- 

diomics and learn- 

ing features im- 

proved predictive 

accuracy 
Jian Sun et al. 

[39], 2024 

Multiparametric 

MRI 

Treatment re- 

sponse prediction 

Radiomics Model  Multiparametric 

radiomics improved 

treatment-response 

assessment 
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The above Table 2 summarizes representative radiomics studies applied to Colorectal 

cancer MRI analysis. Most studies focus on clinically important prediction tasks such as lymph 

node metastasis, treatment response, tumor staging, and prognosis estimation. T2-weighted 

MRI and multi-parametric MRI are the most commonly used imaging sources because they 

provide strong anatomical and functional tumor characterization. The table also shows that 

radiomics remains highly valuable for extracting interpretable imaging biomarkers that 

support both diagnosis and prognosis prediction. 

3.2. Deep Learning-Based MRI Classification 

The following section describes about the Deep Learning based MRI ap- proach. Deep 

learning has significantly advanced MRI-based Colorectal can- cer analysis by enabling 

automatic feature learning directly from imaging data [86]. Unlike radiomics, which depends 

on handcrafted feature extrac- tion, deep learning models learn hierarchical image 

representations through multiple neural network layers [87]. This allows the model to capture 

com- plex tumor patterns, spatial relationships, and intensity variations without manual feature 

engineering [88]. Convolutional Neural Networks (CNN’s) are the most widely used deep 

learning models in Colorectal cancer MRI anal- ysis [89]. In CNN-based systems, early 

convolution layers detect low-level image features such as edges and texture, while deeper 

layers learn more complex tumor structures and spatial arrangements [90]. This hierarchical 

learning process makes CNN’s highly effective for tumor classification, lesion detection, and 

segmentation tasks. 

Several studies have applied standard and advanced CNN architectures to Colorectal 

cancer MRI datasets [91]. Early approaches used conventional CNN frameworks for binary 

classification of tumor and non-tumor regions [92], while later studies introduced deeper 

architectures such as ResNet, DenseNet, EfficientNet, and 3D CNN models [93]. ResNet 

improves train- ing stability through residual connections, DenseNet enhances feature reuse 

across layers, and EfficientNet improves computational efficiency through balanced scaling of 

network depth and width [94]. Three-dimensional CNN models are particularly useful 

because they preserve volumetric MRI infor- mation across slices. Deep learning has 

demonstrated strong performance in several clinical applications, including tumor staging, 

lymph node metas- tasis prediction, treatment-response assessment, and prognosis estimation. 

Multiparametric MRI further improves deep learning performance because combined 

sequences provide richer anatomical and functional information. 

 

 

In many studies, CNN-based models achieve higher predictive accuracy than conventional 

machine learning methods because they automatically identify complex discriminative 

patterns within MRI data [95]. 

Despite these advantages, deep learning models have important limita- tions. Their 

performance strongly depends on dataset size and annotation quality, and many Colorectal 

cancer MRI studies remain limited to single- center datasets. In addition, CNN’s mainly 

capture local spatial features and may fail to fully model long-range contextual relationships 

within heteroge- neous tumors. To overcome these limitations, recent studies increasingly 

combine CNN architectures with radiomics features, attention mechanisms, and transformer-

based modules. Even so, CNN-based deep learning remains the foundation of current MRI-

based Colorectal cancer classification systems because of its strong feature extraction 

capability and broad applicability across clinical imaging tasks. 
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Table 3: Representative Deep Learning Studies for MRI-Based Colorectal Cancer Classi- 

fication  

Author Model/Architecture MRI Input Main Clinical 

Task 

Key Contribution 

 
 

 

Zhao H. et al. 

[61], 2021 

 
Yu S. et al. [67], 

2020 

Deep CNN MRI images Tumor classification CNN improved au- 

tomatic classification 

of colorectal tumors 

3D CNN MRI volumes Tumor detection Volumetric MRI im- 

proved spatial fea- 

ture learning 

Chen W. et al. 

[66], 2022 

Attention-based 

CNN 

Multiparametric 

MRI 

Rectal tumor classifi- 

cation 

Attention improved 

discriminative tumor 

localization 

Wang K. et al. 

[26], 2023 

Hybrid CNN Model MRI radiomics + im- 

ages 

Tumor classification Combined deep and 

radiomic features im- 

proved robustness 

Liu J. et al. [27], 

2022 

Transformer-based 

Network 

MRI images Tumor classification Transformer im- 

proved contextual 

feature modeling 

Zhang Z. et al. 

[65], 2023 

Deep Feature Fusion 

Network 

MRI radiomics Colorectal cancer 

classification 

Feature fusion im- 

proved classification 

stability 

Gao Y. et al. [64], 

2023 

Multiparametric 

Deep Learning 

Model 

mpMRI Preoperative staging  Multiparametric 

MRI improved stag- 

ing performance 

Xu D. et al. [128], 

2022 

Deep Neural Net- 

work 

MRI images Automated rectal tu- 

mor classification 

End-to-end learning 

improved prediction 

accuracy 

Liu S. et al. [95], 

2024 

Multiparametric 

Deep Learning Net- 

work 

mpMRI Rectal cancer staging Multi-sequence input 

improved staging re- 

liability 

Wang F. et al. 

[29], 2022 

Deep Learning Algo- 

rithm 

MRI images Lymph node metas- 

tasis prediction 

AI performance ap- 

proached radiologist- 

level prediction 

 
 

 

The above Table 3 summarizes representative deep learning studies ap- 

plied to MRI-based Colorectal cancer analysis. CNN-based architectures 

remain the dominant approach because of their strong ability to learn hi- 

erarchical spatial features directly from MRI images. More recent stud- 

ies increasingly employ multi-parametric MRI, attention mechanisms, and 

transformer-based components to improve contextual understanding and pre- 

dictive robustness. The table also shows a gradual methodological transition 

from conventional CNN models toward hybrid and transformer-supported 

frameworks.
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3.3. Hybrid Radiomics–Deep Learning Models 

 

Figure 5: Hybrid radiomics–DL framework for MRI-based CRC: extraction, learning, 

fusion, prediction. 

The following section describes about the Hybrid radiomics–deep learn- 

ing based MRI approach. The left side of Fig. 5 shows the Hybrid ra- 

diomics–deep learning models have become an important research direction 

in MRI-based Colorectal cancer analysis because they combine the inter- 

pretability of handcrafted radiomic descriptors with the strong feature learn- 

ing capability of deep neural networks [96]. While radiomics captures prede- 

fined quantitative image characteristics such as texture, shape, and intensity 

variation, deep learning extracts hierarchical spatial features directly from 

MRI images [97]. Integrating these two approaches enables more compre- 

hensive tumor representation and improves predictive robustness [98]. Fig. 5 

illustrates the general architecture of a hybrid radiomics–deep learning frame- 

work used in Colorectal cancer MRI analysis [99]. The left side of the fig. 

represents the radiomics pathway, where tumor regions are first segmented 

from MRI images and quantitative handcrafted features are extracted [100]. 

These features commonly include texture descriptors, shape measurements, 

Gray-Level Co-occurrence Matrix parameters, and wavelet-based information 

[101]. Because these descriptors are mathematically defined, they remain 

clinically interpretable and can often be associated with tumor heterogeneity 

and biological aggressiveness [102]. 

 

The right side of Fig. 5 shows the deep learning pathway, where MRI im- 

ages are processed directly through Convolutional neural networks [103]. In 

this branch, Convolutional layers automatically generate deep feature maps 

that capture local tumor structures, intensity distributions, and spatial rela- 

tionships [104]. CNN embeddings extracted from deeper layers provide high- 

level representations that are often difficult to achieve using handcrafted fea- 

tures alone [105]. Both radiomics and deep learning features are then merged 

during the feature fusion stage [106]. This fusion can be performed through 

concatenation, weighted integration, or joint classification layers depending 
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on the model design [107]. The combined feature model allows simultane- 

ous use of interpretable radiomic information and discriminative deep image 

representations, improving prediction stability across different MRI datasets 

[108]. 

Hybrid models have shown strong performance in several clinically impor- 

tant tasks, including lymph node metastasis prediction, treatment-response 

assessment, and prognosis estimation [109]. Multiparametric MRI is particu- 

larly beneficial in these frameworks because different MRI sequences provide 

complementary anatomical and functional information that enhances both 

radiomic and deep feature extraction [110]. A major advantage of hybrid 

systems is their ability to perform well even when dataset size is moder- 

ate, which is common in Colorectal cancer imaging research [111]. Radiomic 

features help stabilize model performance when deep learning alone may be 

affected by limited training samples [112]. In addition, hybrid frameworks 

improve clinical trust because radiomics provides interpretable biomarkers 

that support model decisions [113]. 

Despite these advantages, hybrid models remain computationally more 

complex than single-method systems. Feature fusion design, network opti- 

mization, and validation strategy differ considerably across studies, making 

direct comparison difficult [114]. Nevertheless, recent evidence suggests that 

hybrid radiomics–deep learning frameworks currently represent one of the 

most promising directions for future MRI-based Colorectal cancer classifica- 

tion and prognosis systems [115]. 
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Table 4: Representative Hybrid Radiomics–Deep Learning Studies for MRI-Based Col- 

orectal Cancer Analysis  
 

Author Hybrid Methods MRI Input Main Clinical 

Task 

 
Key Contribution 

 
 

 

Kai Wang et al. 

[26], 2023 

CNN + Radiomics 

Fusion 

MRI images + ra- 

diomic features 

Tumor classification  Combined   hand- 

crafted and deep 

features improved 

classification robust- 

ness 

Xiaoming Zhang 

et al. [40], 2024 

 
Yanyan Yang et 

al. [101], 2024 

Deep Radiomics 

Model 

 
Deep Learning Ra- 

diomics Nomogram 

Multiparametric 

MRI 

 
Multiparametric 

MRI 

Rectal cancer classi- 

fication 

 
Lymph node metas- 

tasis prediction 

CNN embeddings en- 

hanced radiomic dis- 

crimination 

Integrated radiomics 

and deep features 

improved metastasis 

prediction 

Xiang Wu et al. 

[56], 2025 

Sub-regional Ra- 

diomics + Deep 

Learning 

MRI images Pathological com- 

plete response 

prediction 

Sub-regional fusion 

improved treatment- 

response prediction 

Zhen Li et al. 

[57], 2025 

Clinical + Radiomics 

+ Deep Learning 

Multiparametric 

MRI 

Prognosis estimation  Multi-source feature 

fusion improved 

prognostic accuracy 

Hao Deng et al. 

[86], 2023 

Radiomics-Guided 

Deep Learning 

MRI images Tumor staging Radiomics improved 

deep feature selec- 

tion 

Rahul Kumar et 

al. [45], 2023 

 
Wei Ao et al. 

[103], 2025 

 
Feng Wang et al. 

[63], 2022 

 
Yong Chen et al. 

[96], 2021 

Hybrid CNN– 

Radiomics Frame- 

work 

Radiomic   Nomo- 

gram + Deep 

Features 

CNN + Radiomics 

Hybrid 

 
Deep Radiomics Sig- 

nature 

MRI images Rectal cancer classi- 

fication 

 
MRI Lymph node metas- 

tasis prediction 

 
MRI images Rectal cancer detec- 

tion 

 
MRI images Chemoradiotherapy 

response prediction 

Improved general- 

ization in moderate 

datasets 

Hybrid framework 

improved predictive 

stability 

Combined  features 

improved   lesion 

discrimination 

Fusion improved 

treatment-response 

assessment 
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Table 4 summarizes recent hybrid radiomics–deep learning studies ap- plied to Colorectal 

cancer MRI analysis. Most studies combine handcrafted radiomic descriptors with CNN-

based deep features to improve predictive stability and feature diversity. The table shows that 

hybrid models are in- creasingly applied to lymph node metastasis prediction, treatment-

response assessment, prognosis estimation, and tumor classification, indicating their growing 

importance in clinically oriented MRI analysis. 

3.4. Transformer-Based MRI Models 
 

Figure 6: Transformer for MRI-based CRC: embedding, attention, MLP, outputs. 

 

The following section describes about the Transformer-based MRI ap- proach. Fig. 6 

presents the general transformer-based architecture used for MRI-based Colorectal cancer 

analysis [116]. The framework begins with MRI image acquisition, where tumor-containing 

MRI slices are used as input for transformer processing [117]. Instead of directly applying 

convolution opera- tions, the MRI image is first divided into small fixed-size patches [118]. 

Each patch is then converted into a numerical embedding representation, allowing the 

transformer model to process image information as a sequence of feature tokens [119]. After 

patch embedding, positional encoding is introduced to preserve spatial information because 

transformers do not inherently recognize image order [120]. These patch embeddings are then 

passed through mul- tiple self-attention layers [121]. In this stage, the self-attention 

mechanism learns relationships among different image regions simultaneously, allowing the 

model to capture long-range dependencies between distant tumor struc- tures [122]. This is 

particularly important in Colorectal cancer MRI because heterogeneous tumor regions often 

contain clinically relevant patterns dis- tributed across the image [123]. 

 

Each transformer block typically consists of self-attention computation followed by 

feedforward layers that refine feature representations [124]. Through repeated attention operations, 

the network learns both local texture charac- teristics and global contextual information, which 

improves image under- standing compared with conventional CNN-only systems [125].

 The ex- tracted transformer 

features are then forwarded to a multi-layer perceptron classifier, where final prediction is 

performed [126]. As shown in Fig. 6, transformer-based MRI models are applied to several 

clinically important tasks including tumor classification, tumor staging, prognosis estimation, 

and lymph node assessment [127]. 

A major advantage of transformer architecture is its ability to repre- sent global spatial 

relationships more effectively than conventional Convo- lutional models [128]. However, 

transformer systems require larger anno- tated datasets and higher computational resources 

because self-attention calculations become more complex with increased image size [129]. 
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Over- all, Fig. 6 demonstrates why transformer-based architectures are increas- ingly 

considered a promising direction in Colorectal cancer MRI analysis, particularly when 

combined with Convolutional feature extraction in hybrid CNN–Transformer frameworks 

[130]. 
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Table 5: Representative Transformer based Studies for MRI-Based Colorectal Cancer 

Analysis  
 

Author Transformer 

Model 

 
MRI Input Main Clinical 

Task 

 
Key Contribution 

 
 

 

Jian Liu et al. 

[62], 2024 

Vision Transformer MRI images Tumor classification Self-attention im- 

proved contextual 

feature learning 

Peng Chen et al. 

[46], 2024 

Transformer-based 

Multiparametric 

MRI Model 

Multiparametric 

MRI 

Rectal cancer detec- 

tion 

Combined MRI 

sequences improved 

detection perfor- 

mance 

Jian Liu et al. 

[62], 2023 

Transformer Classifi- 

cation Network 

MRI images Rectal cancer classi- 

fication 

Transformer im- 

proved feature 

representation over 

CNN baseline 

Shuai Liu et al. 

[124], 2024 

Multiparametric 

Transformer Net- 

work 

Multiparametric 

MRI 

Rectal cancer staging  Multi-sequence 

transformer  im- 

proved staging 

accuracy 

Yong Zhang et al. 

[120], 2025 

 

 
Yang Gao et al. 

[121], 2025 

Foundation Trans- 

former Framework 

 

 
Weakly Supervised 

Transformer 

Multi-view MRI Extramural vascular 

invasion classifica- 

tion 

 
MRI images Lymph node metas- 

tasis prediction 

Global contextual 

modeling improved 

vascular invasion 

prediction 

Reduced annotation 

dependence while 

improving metasta- 

sis prediction 

Lei Yan et al. 

[88], 2026 

Transformer-Based 

MRI Prediction 

Framework 

MRI radiomics + im- 

ages 

Prognosis prediction Hybrid  transformer 

improved prognostic 

stability 

Tuan Le et al. 

[122], 2025 

 
Xiang Tang et al. 

[58], 2024 

Deep Transformer 

Classification 

 
Attention Trans- 

former Model 

MRI images Colorectal tumor 

classification 

 
MRI images Tumor budding pre- 

diction 

Transformer en- 

hanced classification 

robustness 

Attention improved 

feature sensitivity 

Yifan Yuan et al. 

[108], 2025 

Deep Reconstruction 

Transformer 

MRI images Rectal cancer staging  Transformer  recon- 

struction improved 

staging performance 
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The above Table 5 summarizes recent transformer-based studies applied to Colorectal 

cancer MRI analysis. Vision Transformer and multi-parametric transformer frameworks are 

increasingly used because they capture global spatial relationships more effectively than 

conventional Convolutional mod- els. The table also shows growing application of 

transformer systems in staging, prognosis estimation, and lymph node assessment, indicating 

their strong potential in future MRI-based Colorectal cancer research. 

 

4. Comparative Discussion and Research Gaps 

Recent developments in MRI-based Colorectal cancer analysis demon- strate a clear 

methodological transition from conventional radiomics toward deep learning, hybrid models, 

and transformer-based architectures. While these approaches have significantly improved 

predictive performance, cur- rent research is increasingly shifting toward scalable, 

generalizable, and clin- ically deployable AI systems. Each methodological category offers 

distinct strengths and limitations; however, emerging trends reveal that future progress depends 

on integrating these approaches with data-efficient learning, multi- modal fusion, and 

foundation-level architectures. 
 

Figure 7: Comparison of MRI-based CRC approaches: radiomics, deep learning, hybrid, and transformer 

models with strengths and limitations. 

Radiomics remains valuable for its interpretability and ability to ex- tract quantitative 

imaging biomarkers, performing well on moderate-sized 

datasets for tasks such as lymph node prediction and treatment response, but it lacks 

robustness across heterogeneous MRI protocols and does not integrate well with modern AI 

paradigms. Deep learning models, particu- larly CNN’s, achieve superior performance in 

tumor classification, detection, and staging by learning hierarchical features, yet they depend 

heavily on large annotated datasets and often overlook longitudinal MRI information, while 

emerging self-supervised methods are still under explored. Hybrid ra- diomics–deep learning 

approaches improve performance and robustness by combining handcrafted and learned 

features, but are mostly limited to sim- ple feature fusion and lack comprehensive multimodal 

integration, leaving radiogenomics insufficiently developed. Transformer-based models offer 

ad- vanced global contextual modeling and strong performance, but their adop- tion is 

constrained by high computational and data requirements, and despite growing interest in 3D 

transformers and foundation models, their application in Colorectal cancer MRI remains 
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limited, highlighting important research gaps. 

Across all methodological categories, The analysis of existing methods for Colorectal 

cancer classification using MRI images reveals several critical research gaps. Early 

approaches based on radiomics and traditional machine learning rely on handcrafted features, 

which often fail to capture complex spa- tial and contextual information present in MRI data. 

Although deep learning models, particularly Convolutional neural networks, have improved 

classifi- cation performance, they require large annotated datasets, which are limited in the 

medical domain. Additionally, many models struggle to accurately dis- tinguish between 

different stages and sub-types of CRC, reducing their clini- cal applicability. Variability in 

MRI acquisition protocols across institutions further introduces data heterogeneity, affecting 

model generalization. Most studies are also restricted to single-center datasets, lacking robust 

multi- center validation. Furthermore, the use of single MRI modalities instead of 

Multiparametric MRI limits diagnostic accuracy. Recent transformer-based and hybrid models 

show promise but remain underexplored. Another ma- jor limitation is the lack of 

interpretability in deep learning models, which reduces trust among clinicians. Challenges in 

precise tumor segmentation due to low contrast and noise in MRI images also impact 

classification per- formance. Therefore, future research should focus on large-scale datasets, 

multimodal integration, explainable AI, and clinically validated models for reliable CRC 

classification. 
Future research in MRI-based Colorectal cancer classification should fo- 

cus on developing large-scale, multi-center datasets to improve generalization and robustness. 

Standardizing MRI acquisition and preprocessing is essen- tial to reduce variability. 

Integrating Multiparametric MRI (T2, DWI, ADC) with clinical data can enhance diagnostic 

accuracy. Advanced methods such as transformers and hybrid models (radiomics + deep 

learning) should be ex- plored for better feature learning. Hybrid CNN–Transformer 

architectures, combined with radiogenomic and clinical data, represent a promising direc- tion 

toward next-generation intelligent systems for accurate diagnosis and prognosis of Colorectal 

cancer, enabling improved personalized treatment strategies. Incorporating explainable AI 

(XAI) is important to improve clin- ical trust. Additionally, self-supervised learning can 

address limited labeled data. Improving tumor segmentation and enabling real-time clinical 

deploy- ment are also critical. Finally, benchmark datasets and standardized evalu- ation 

protocols are needed to accelerate research progress. 
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 Table 6: Comparative Summary of MRI-Based Analytical Methods  
 

Approach Proven 

Strength(with 

evidence) 

Proven Limita- 

tions(with evi- 

dence) 

Future Enhance- 

ment 

 
 

 

Radiomics Interpretable fea- 

tures like texture 

(GLCM,  GLRLM) 

widely used for tu- 

mor characterization 

and lymph node 

prediction 

IBSI reports show 

feature instability 

across scanners and 

protocols, reducing 

reproducibility in 

multicenter studies 

Standardization of 

feature extraction, 

robust cross-scanner 

harmonization, and 

integration with 

deep learning and 

radiogenomics 

Deep Learning 

(CNNs) 

Studies consistently 

show higher accu- 

racy than radiomics 

in classification and 

staging due to auto- 

matic feature learn- 

ing 

Requires large an- 

notated datasets; 

limited medical data 

leads to overfitting 

risk 

Adoption of self- 

supervised or weakly 

supervised learning, 

data augmentation, 

and use of longitudi- 

nal MRI data 

Hybrid Models  Combining radiomics 

and deep learning 

improves perfor- 

mance (accuracy 

gains of approxi- 

mately 5–10%) 

Transformers   Self-attention  cap- 

tures global context 

better than CNNs, 

improving perfor- 

mance in complex 

imaging tasks 

Most works rely on 

simple feature con- 

catenation and lack 

true multimodal in- 

tegration 

 

Requires large-scale 

data and high com- 

putational cost, lim- 

iting clinical adop- 

tion 

Advanced  multi- 

modal fusion using 

clinical,  genomic, 

and histopathology 

data with explain- 

able AI systems 

Development  of 

lightweight and effi- 

cient   transformers, 

3D  architectures, 

and medical foun- 

dation models with 

transfer learning 
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The above Table 6 summarizes a comparative analysis of major MRI- based Colorectal 

cancer approaches—radiomics, deep learning (CNN’s), hy- brid models, and transformer-based 

methods—by highlighting their validated strengths, key limitations, and potential future 

enhancements. It shows how radiomics offers interpretability but lacks robustness, deep 

learning provides high accuracy but depends on large datasets, hybrid models improve perfor- 

mance yet lack true multimodal integration, and transformers enable global contextual learning 

but require high computational resources. Overall, the table emphasizes current challenges and 

outlines future research directions to improve scalability, robustness, and clinical applicability. 

 
 Table 7: Quantitative Performance Comparison of MRI-Based Models  

 

Model Cate- 
gory 

 
Typical Accu- 
racy (%) 

 
Sensitivity 
(%) 

 
Specificity (%) AUC Range Dataset Size Key Observation 

 
Radiomics Mod- 

els 

 

 
Machine Learn- 

ing (Radiomics- 

based) 

Deep Learning 

(CNN-based) 

 
Hybrid (Ra- 

diomics + DL) 

 
70–88 68–85 70–87 0.75–0.90 Small–Moderate 

(100–500) 
 

 

72–90 70–88 72–89 0.78–0.92 Moderate (150– 

600) 

 

80–95 78–93 80–94 0.85–0.96 Large (500– 

2000+) 

 

85–96 83–95 85–96 0.88–0.97 Moderate–Large 

(300–1500) 

 
Good interpretabil- 

ity but depends on 

feature quality and 

segmentation 

Efficient but lim- 

ited by handcrafted 

features 

High accuracy due 

to automatic fea- 

ture learning 

Improved robust- 

ness and general- 

ization 

Transformer- 

Based Models 

88–97 85–96 87–97 0.90–0.98 Large (1000+) Best contextual 

learning but 

requires large 

datasets 

 
 

 

Table 7 summarizes Compares performance of radiomics, machine learn- 

ing, deep learning, hybrid, and transformer models using metrics like accu- 

racy and AUC. It shows a clear improvement from traditional methods to 

advanced models, with transformers achieving the highest performance. 
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Table 8: Task-wise Quantitative Performance 
 

Clinical Task Best Model 

Type 

Accuracy 

(%) 

AUC 

Range 

Key Insight 

 

 
Tumor Classifica- CNN / Trans- 90–97 0.92–0.98 Deep models outperform ra- 

tion former   diomics 

Lymph Node Hybrid Models 85–95 0.88–0.96 Fusion improves prediction 

Metastasis    stability 

Treatment Re- Radiomics + DL 80–93 0.85–0.94 Multiparametric  MRI  im- 

sponse Prediction    proves results 

Tumor Staging Deep Learning / 85–95 0.87–0.96 Global  context  improves 
 Transformer   staging 

Prognosis Predic- Hybrid / Trans- 82–94 0.86–0.95 Multimodal inputs enhance 

tion former   performance 

 

 
Table 8 summarizes Presents task-wise model performance for classifica- tion, staging, 

metastasis prediction, and prognosis. It highlights that differ- ent models perform best for 

different clinical tasks, with hybrid and trans- former models showing overall strong results. 

 
Table 9: Quantitative Strength vs Limitation Analysis 

 

Model Type Avg Ac- 
curacy 

Data Require- 
ment 

Generalization 
Score 

Interpretability 
Score 

Radiomics ∼80% Low Medium High 

Machine Learn- ∼82% Medium Medium High 

ing     

Deep Learning ∼90% High Medium–High Low 

Hybrid Models ∼92% Medium–High High Medium 

Transformer ∼94% Very High High Low 

 

 

Table 9 Summarizes trade-offs between accuracy, data requirements, gen- eralization, 

and interpretability. It shows that higher accuracy models (DL, transformers) require more 

data, while radiomics offers better interpretabil- ity.Transformer accuracy can be improved 

beyond 94 
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5. Conclusion 

This review provides a comprehensive analysis of recent advancements in MRI-based 

Colorectal cancer (CRC) classification using radiomics, ma- chine learning, deep learning, 

hybrid, and transformer-based approaches. The findings highlight a clear methodological 

evolution from handcrafted feature-based radiomics to data-driven deep learning and 

attention-based transformer models, with hybrid frameworks offering an effective balance 

between interpretability and performance. Quantitative comparisons indi- cate that deep 

learning and transformer-based models achieve superior ac- curacy and robustness, 

particularly when combined with multi-parametric MRI data.Future research must focus on 

developing large-scale multicenter datasets, incorporating explainable artificial intelligence, 

and enabling mul- timodal data integration to enhance predictive reliability and clinical trust. 

Additionally, emerging techniques such as self-supervised learning and hybrid CNN–

Transformer architectures show strong potential for improving scala- bility and reducing data 

dependency. Addressing these limitations is essential for bridging the gap between research 

and real-world clinical deployment, ul- timately enabling reliable, interpretable, and clinically 

applicable AI-driven MRI systems for Colorectal cancer diagnosis and prognosis. 
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