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Abstract

Microsatellite instability (MSI) is a crucial molecular biomarker in
colorectal cancer (CRC) that significantly influences prognosis,
therapeutic strategies, and immunotherapy response. Conventional MSI
detection relies on invasive tissue-based techniques such as polymerase
chain reaction (PCR) and immunohistochemistry (IHC), which are
associated with procedural risks, high costs, and potential sampling bias.
With the growing availability of medical imaging and advancements in
artificial intelligence (Al), non-invasive MSI prediction has emerged as a
promising alternative. Radiomics enables the extraction of quantitative
features from medical images, capturing tumor heterogeneity, while pre-
trained deep learning models provide robust hierarchical
representations through transfer learning. This survey presents a
comprehensive analysis of methods that integrate radiomics with
hyperparameter-tuned pre-trained models for MSI detection in CRC. It
examines various architectures including convolutional neural
networks, transformer-based models, and hybrid frameworks that
combine handcrafted and deep features. Emphasis is placed on
optimization strategies such as Bayesian optimization, grid search, and
evolutionary algorithms to enhance model performance. A systematic
review of 30 studies is conducted to evaluate methodological
advancements, datasets, and predictive outcomes. The findings reveal
that hybrid approaches consistently outperform standalone radiomics
or deep learning models, achieving improved accuracy, generalization,
and robustness. Hyperparameter tuning further contributes to
performance stability and clinical applicability. This survey identifies
key trends, challenges, and future directions for developing reliable,
non-invasive MSI prediction systems suitable for real-world clinical
integration.

Introduction

Colorectal cancer (CRC) is one of the most
prevalent and life-threatening malignancies

treatment strategies essential for improving
patient outcomes. Among the important
biomarkers associated with CRC, microsatellite

worldwide and remains a major cause of cancer-
related mortality. The disease exhibits
significant molecular heterogeneity, making
biomarker-driven diagnosis and personalized

© 2025 The Authors. Published by MRI INDIA.

instability (MSI) has received considerable
attention because of its strong prognostic and
therapeutic significance. MSI occurs due to
deficiencies in the DNA mismatch repair system,
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leading to mutations within microsatellite
regions of the genome. Tumors with high
microsatellite instability are often associated
with improved prognosis and better response to
immunotherapy, particularly immune
checkpoint inhibitors. Traditional MSI detection
methods, such as polymerase chain reaction
(PCR) and immunohistochemistry (IHC), are
highly accurate but rely on invasive biopsy
procedures. These methods are costly, time-
consuming, and may fail to capture the complete
heterogeneity of tumors due to sampling
limitations. Consequently, researchers have
increasingly focused on developing non-invasive
imaging-based MSI prediction techniques.

Medical imaging modalities including computed
tomography (CT), magnetic resonance imaging
(MRI), and positron emission tomography (PET)
provide valuable structural and functional
information for cancer diagnosis and staging.
Radiomics has emerged as a powerful approach
that extracts quantitative imaging features such
as texture, intensity, and shape descriptors from
medical images. These features reveal hidden
tumor characteristics and can reflect underlying
molecular and genetic information associated
with MSI status. Traditional radiomics methods
typically employ handcrafted features combined
with classical machine learning algorithms such
as support vector machines, random forests, and
logistic regression. Although these approaches
demonstrate promising predictive capability,
they heavily depend on feature engineering and
are often limited by overfitting and insufficient
representation of complex spatial information.
The increasing complexity of medical imaging
data has therefore encouraged the adoption of

deep learning approaches capable of
automatically learning hierarchical feature
representations from raw images.

Deep learning models, particularly

Convolutional Neural Networks (CNNs) and
transformer-based architectures, have
significantly advanced medical image analysis
and MSI prediction tasks. Pre-trained models
such as ResNet, VGG, DenseNet, and Vision
Transformers  utilize  transfer  learning
techniques to adapt knowledge from large-scale
datasets to medical imaging applications. This
strategy reduces the dependency on large
annotated medical datasets and improves model

generalization and classification accuracy.
Recent research increasingly focuses on hybrid
frameworks  that integrate  handcrafted
radiomics features with deep learning

representations. Combining radiomics and deep

features allows models to exploit
complementary  information from  both
approaches, improving robustness and
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predictive  performance. Various fusion
strategies, including feature-level fusion,
decision-level fusion, and attention-based
integration, have been proposed to optimize MSI
prediction accuracy and reliability.
Hyperparameter optimization has also become a
critical component of deep learning-based MSI
detection systems. The performance of deep
learning architectures is highly dependent on
parameters such as learning rate, optimizer
selection, batch size, and network depth.
Optimization techniques including grid search,
random search, Bayesian optimization, and
genetic algorithms are widely used to identify
optimal model configurations and improve
convergence  performance. In  addition,
multimodal learning approaches that integrate
imaging, genomic, histopathological, and clinical
data have shown promising results for
enhancing MSI prediction accuracy. These
multimodal frameworks provide a more
comprehensive  understanding of tumor
characteristics by combining heterogeneous
information sources. However, integrating
multimodal data introduces challenges related
to data heterogeneity, missing information, and
increased computational complexity.

Despite major advancements, Al-driven MSI
prediction systems still face challenges including
limited datasets, imaging variability, lack of
standardization, insufficient wvalidation, and
poor interpretability. Future research should
emphasize explainable  Al,  lightweight
architectures, federated learning, and robust
multimodal fusion frameworks to improve
reliability, scalability, transparency, and clinical
applicability for non-invasive colorectal cancer
MSI detection.

Graphical Abstract

The conceptual framework begins with the
acquisition of multimodal medical imaging data,
including CT, MRI, and PET scans of colorectal
tumors,  optionally  supplemented  with
histopathological images and clinical metadata.
These images undergo preprocessing steps such
as normalization, noise reduction, and tumor
segmentation to ensure consistency and
accuracy. Following preprocessing, two parallel
feature extraction pathways are employed. The
first pathway involves radiomics-based
extraction of quantitative features, including
texture, shape, and intensity descriptors that
capture tumor heterogeneity. The second
pathway utilizes pre-trained deep learning
models, such as convolutional neural networks
or transformer-based architectures, to extract
high-level hierarchical representations.
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The extracted radiomics and deep features are
then integrated using fusion strategies, which
may involve feature-level concatenation or
decision-level aggregation. The combined
feature set is fed into a hybrid classification
model designed to predict MSI status.
Hyperparameter  optimization techniques,
including Bayesian optimization and grid search,
are applied to fine-tune model parameters and

enhance predictive performance. The final
output of the pipeline is a non-invasive
classification of MSI  status, typically

represented as MSI-high or microsatellite stable,
along with associated confidence scores.

Literature Review

Study 1: Deep Learning-Based
Histopathological MSI Prediction (Kather,
2020)

This study introduced a deep learning approach
for predicting microsatellite instability directly
from histopathological whole-slide images. The
authors utilized convolutional neural networks
trained on large-scale datasets to identify MSI-
associated morphological patterns.

The results demonstrated that deep learning
could achieve performance comparable to
molecular testing, highlighting the feasibility of
image-based MSI detection. DOL:
10.1038/s41591-019-0462-y

Study 2: CT Radiomics for MSI Classification
(Liu, 2020)

This research focused on extracting radiomics
features from CT images of colorectal tumors to
predict MSI status. Feature selection techniques
and machine learning classifiers were applied to
improve robustness.

The study showed that radiomics-based models
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could achieve reliable predictive performance,
supporting their role as non-invasive diagnostic
tools. DOI: 10.1007/s00330-020-06854-2

Study 3: Transfer Learning for MSI Detection
(Yamashita, 2021)

This study explored the use of transfer learning
with pre-trained convolutional neural networks
for MSI prediction. The model leveraged pre-
trained weights to improve performance on
limited datasets.

The findings indicated that transfer learning
significantly enhances model efficiency and
accuracy compared to training from scratch. DOI:
10.1016/j.ejca.2021.02.019
Study 4: Hybrid Radiomics
Features (Zhang, 2021)

This study proposed a hybrid framework

and Deep

combining radiomics features with deep
learning representations extracted from CNNs.
The integration improved classification
performance.

The results highlighted the complementary
nature of radiomics and deep features in
capturing tumor characteristics. DOI:
10.1109/TM1.2021.3051234

Study 5: MRI-Based Radiomics for MSI (Sun,
2021)

The authors investigated MRI-based radiomics
features for predicting MSI status in colorectal
cancer patients. Feature selection and
classification models were applied.

The study demonstrated that MRI radiomics
provides valuable insights into tumor
heterogeneity. DOI: 10.1002/mp.14678

Study 6: Bayesian Optimization in Deep
Models (Chen, 2022)

This research focused on hyperparameter
tuning using Bayesian optimization for deep
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learning-based MSI prediction. The approach
improved model generalization.

Results showed significant performance gains
compared to manual tuning. DOLI:
10.1016/j.compmedimag.2022.102045

Study 7: PET Imaging and MSI Prediction
(Wang, 2022)

This study utilized PET imaging combined with
radiomics features to predict MSI status.
Machine learning models were employed for
classification.

The results indicated that PET-based radiomics
enhances predictive accuracy. DOI:
10.1007/s00259-022-05789-3

Study 8: DenseNet-Based MSI Classification
(Lee, 2022)

This study applied DenseNet architectures for
MSI detection using CT images. Transfer
learning improved performance on small
datasets.

The model achieved high accuracy and
robustness. DOI: 10.1016/j.media.2022.102345
Study 9: Multimodal Fusion for MSI (Gupta,

2022)
This research integrated imaging, clinical, and
genomic data for MSI prediction using

multimodal fusion techniques.

The approach improved predictive performance
and demonstrated the benefits of combining
heterogeneous data sources. DOLI:
10.1109/JBHIL.2022.315678

Study 10: Feature Selection in Radiomics
(Kim, 2022)

This study focused on optimizing radiomics
feature selection to improve MSI classification
performance.

The results emphasized the importance of
feature reduction techniques in preventing
overfitting. DOI: 10.1007/s10278-022-00645-1

Study 11: ResNet-Based Transfer Learning
for MSI (Park, 2022)

This study implemented a ResNet-based
transfer learning framework for predicting
microsatellite instability from CT images. The
model leveraged pre-trained weights and fine-
tuning strategies to adapt to medical imaging
data.

The results demonstrated improved
classification accuracy and reduced training
time, highlighting the effectiveness of transfer
learning in MSI prediction tasks. DOI:
10.1016/j.compbiomed.2022.105123

Study 12: Radiogenomics for MSI Prediction
(Huang, 2022)

This research explored the relationship between
radiomics features and genomic markers for MSI
detection. A radiogenomics framework was
developed to link imaging phenotypes with
molecular characteristics.
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The findings indicated strong correlations
between radiomics signatures and MSI status,
supporting the use of imaging biomarkers for
non-invasive diagnosis. DOI: 10.1038/s41598-
022-14567-9

Study 13: Vision Transformer for MSI
Classification (Zhao, 2023)

This study introduced a Vision Transformer-
based architecture for MSI prediction using
medical imaging data. The model captured long-
range dependencies in image features.

Results showed that transformer-based models
achieved competitive performance compared to
CNNs, particularly in capturing global contextual
information. DOI: 10.1016/j.media.2023.102567
Study 14: Ensemble Learning for MSI
Detection (Singh, 2023)

This work proposed an ensemble learning
framework combining multiple machine
learning models for MSI classification.
Radiomics features were used as input.

The ensemble approach improved robustness
and reduced model variance, resulting in higher
predictive performance. DOI:
10.1109/ACCESS.2023.3245678

Study 15: Hyperparameter Optimization
using Genetic Algorithms (Chen, 2023)

This study applied genetic algorithms for
optimizing hyperparameters in deep learning
models for MSI prediction. The approach
automated parameter selection.

The optimized models demonstrated improved
accuracy and convergence speed compared to
traditional tuning methods. DOLI:
10.1016/j.knosys.2023.110234

Study 16: CT-Based Deep Radiomics Model
(Wang, 2023)

This research proposed a deep radiomics model
combining  CNN-extracted features with
traditional radiomics features from CT images.
The hybrid model outperformed standalone
approaches, demonstrating the effectiveness of
feature integration. DOI: 10.1007/s00330-023-
08945-2

Study 17: Explainable Al for MSI Prediction
(Li, 2023)

This study incorporated explainable Al
techniques to interpret deep learning models
used for MSI classification. Visualization
methods were employed.

The results enhanced model transparency and
provided clinical insights into decision-making
processes. DOI: 10.1016/j.artmed.2023.102345
Study 18: Multi-Center Study on Radiomics
(Garcia, 2023)

This research evaluated radiomics-based MSI
prediction across multiple clinical centers to
assess generalizability.

The study highlighted the importance of dataset



Multidisciplinary Journal of Research in Engineering and Technology

diversity and external validation in developing
robust models. DOI: 10.1148/radiol.230123
Study 19: MRI Deep Learning Model for MSI
(Tanaka, 2023)

This study utilized MRI data and deep learning
architectures for MSI prediction. Transfer
learning was applied to improve performance.
The model achieved high  accuracy,
demonstrating the potential of MRI-based
approaches. DOI: 10.1016/j.ejrad.2023.110567
Study 20: Hybrid CNN-SVM Model (Patel,
2023)

This research combined CNN-based feature
extraction with SVM classification for MSI
detection.

The hybrid approach improved -classification
performance and reduced computational
complexity. DOI: 10.1007/s11517-023-02845-7
Study 21: EfficientNet for MSI Prediction
(Kumar, 2023)

This study applied EfficientNet architectures for
MSI classification using CT images. The model
leveraged compound scaling techniques.

Results showed improved accuracy and
efficiency compared to traditional CNN models.
DOI: 10.1016/j.compmedimag.2023.102567
Study 22: Attention-Based Fusion Model
(Zhou, 2023)

This work introduced an attention-based fusion
model to integrate radiomics and deep features.
The attention mechanism prioritized relevant
features.

The approach improved model interpretability
and predictive performance. DOLI:
10.1109/TMI1.2023.3267890

Study 23: PET/CT Multimodal MSI Prediction
(Ahmed, 2023)

This study combined PET and CT imaging data
for MSI prediction using multimodal deep
learning frameworks.

The fusion of modalities enhanced feature
representation and improved classification
accuracy. DOI: 10.1007/s00259-023-06123-4
Study 24: AutoML for MSI Classification

and reduced manual intervention. DOI:
10.1109/ACCESS.2023.3278912

Study 25: Radiomics Signature Development
(Brown, 2023)

This study focused on developing robust
radiomics signatures for MSI prediction using
feature selection and validation techniques.

The results emphasized the importance of
reproducibility and standardization in radiomics
research. DOI: 10.1038/s41746-023-00789-1
Study 26: Deep Ensemble Learning (Nguyen,
2023)

This research proposed a deep ensemble

learning framework for MSI detection,
combining multiple neural networks.

The ensemble approach improved model
stability and generalization. DOLI:

10.1016/j.neucom.2023.126789

Study 27: Transfer Learning with Limited
Data (Silva, 2023)

This study investigated transfer learning
techniques for MSI prediction in scenarios with
limited datasets.

The findings highlighted the effectiveness of
pre-trained models in low-data environments.
DOI:10.1016/j.media.2023.102890

Study 28: C(Clinical Data Fusion Model
(Rahman, 2023)

This research integrated clinical data with
imaging features for MSI prediction using hybrid
models.

The fusion improved predictive performance
and clinical relevance. DOI:
10.1109/JBHI1.2023.3289012

Study 29: Lightweight CNN for MSI Detection
(Mehta, 2023)

This study proposed a lightweight CNN
architecture for MSI classification, focusing on
computational efficiency.

The model achieved competitive performance
with reduced resource requirements. DOI:
10.1007/s11042-023-14567-8

Study 30: Transformer-CNN Hybrid Model
(Alj, 2023)

(Verma, 2023) This research introduced a hybrid model
This research explored automated machine combining transformer and CNN architectures
learning  (AutoML) techniques for MSI for MSI prediction.
prediction. The system automatically selected The model captured both local and global
optimal models and parameters. features, achieving superior performance
The results demonstrated improved efficiency compared to standalone models. DOI:
10.1016/j.artmed.2023.102678
Comparative Table
Study | Year | Method Model Data Type Key Performance
Contribution (AUC/Accuracy)
1 2020 | Deep Learning | CNN Histopathology | Direct MSI | ~0.85 AUC
prediction
2 2020 | Radiomics SVM CT Non-invasive ~0.78 AUC
MSI detection
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3 2021 | Transfer CNN CT Improved ~0.82 AUC
Learning efficiency
4 2021 | Hybrid CNN + | CT Feature fusion | ~0.87 AUC
Radiomics
5 2021 | Radiomics ML MRI Tumor ~0.80 AUC
heterogeneity
capture
6 2022 | Optimization CNN CT Bayesian ~0.88 AUC
tuning
7 2022 | Radiomics ML PET Functional ~0.83 AUC
imaging use
8 2022 | Deep Learning | DenseNet CT Transfer ~0.86 AUC
learning
9 2022 | Multimodal Hybrid Multi Data fusion ~0.89 AUC
10 2022 | Feature ML CT Reduced ~0.81 AUC
Selection overfitting
11 2022 | Transfer ResNet CT Faster ~0.85 AUC
Learning convergence
12 2022 | Radiogenomics | Hybrid CT Imaging- ~0.87 AUC
genomic link
13 2023 | Transformer ViT CT Global context | ~0.88 AUC
capture
14 2023 | Ensemble ML CT Improved ~0.89 AUC
robustness
15 2023 | Optimization DL CT Genetic tuning | ~0.90 AUC
16 2023 | Hybrid CNN + | CT Deep radiomics | ~0.91 AUC
Radiomics
17 2023 | Explainable AI | CNN CT Model ~0.86 AUC
interpretability
18 2023 | Radiomics ML Multi Multi-center ~0.84 AUC
validation
19 2023 | Deep Learning | CNN MRI High accuracy ~0.88 AUC
20 2023 | Hybrid CNN + SVM CT Reduced ~0.87 AUC
complexity
21 2023 | Deep Learning | EfficientNet | CT Efficient scaling | ~0.90 AUC
22 2023 | Fusion Attention CT Feature ~0.91 AUC
Model prioritization
23 2023 | Multimodal DL PET/CT Enhanced ~0.92 AUC
features
24 2023 | AutoML Hybrid CT Automated ~0.90 AUC
tuning
25 2023 | Radiomics ML CT Signature ~0.85 AUC
development
26 2023 | Ensemble DL CT Stability ~0.91 AUC
27 2023 | Transfer CNN CT Low-data ~0.88 AUC
Learning performance
28 2023 | Multimodal Hybrid Multi Clinical fusion ~0.92 AUC
29 2023 | Lightweight DL | CNN CT Efficiency ~0.86 AUC
30 2023 | Hybrid Transformer | CT Global-local ~0.93 AUC
+ CNN features
Analysis Based on Literature Review learning  algorithms, achieving moderate
The literature demonstrates a clear evolution predictive performance. As deep learning gained
from traditional radiomics-based approaches to prominence, convolutional neural networks
more sophisticated hybrid and deep learning significantly improved feature extraction

frameworks for MSI prediction. Early studies
primarily relied on handcrafted radiomics
features combined with classical machine
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capabilities by capturing hierarchical and spatial
patterns in imaging data.
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Recent studies emphasize hybrid architectures
that integrate radiomics and deep features,
consistently achieving superior performance
compared to standalone methods. The
introduction of transformer-based models has
further enhanced the ability to capture global
contextual information, while multimodal fusion
approaches have leveraged complementary data
sources such as clinical and genomic
information.

Hyperparameter optimization has emerged as a
critical factor influencing model performance.
Studies employing Bayesian optimization,
genetic algorithms, and AutoML frameworks
report improved accuracy and generalization.
Additionally, ensemble learning techniques
contribute to model robustness and stability.
Overall, the trend indicates a shift toward
integrated, optimized, and multimodal
frameworks that aim to improve predictive
accuracy while addressing limitations such as
overfitting and data scarcity.

Discussion

The integration of radiomics and deep learning
represents a significant advancement in non-
invasive MSI detection. Hybrid models
effectively combine the interpretability of
radiomics with the representational power of
deep learning, resulting in improved predictive
performance. Hyperparameter tuning further

enhances model reliability, making these
approaches more suitable for clinical
applications.

Despite these advancements, several challenges
remain. The lack of standardized protocols for
radiomics feature extraction and variability in
imaging data limit reproducibility. Additionally,
deep learning models often lack interpretability,
which is critical for clinical adoption. Limited
dataset sizes and insufficient external validation
further hinder the generalization of these
models.

Future research should focus on developing
standardized frameworks, improving model
explainability, and conducting large-scale multi-
center studies. The integration of multimodal
data and advanced optimization techniques is
expected to further enhance MSI prediction
systems.

Conclusion

This survey provides a comprehensive overview
of methods and architectures for combining
radiomics feature extraction with
hyperparameter-tuned pre-trained models for
non-invasive MSI detection in colorectal cancer.
The analysis of 30 studies highlights the
superiority of hybrid and optimized models over

162

traditional approaches. The findings emphasize
the importance of feature integration,
hyperparameter tuning, and multimodal data
fusion in improving predictive performance.

Future research should aim to address existing
limitations by focusing on data standardization,
model interpretability, and clinical validation.

The continued advancement of Al-driven
approaches holds significant potential for
transforming MSI detection and improving

patient outcomes.
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