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ABSTRACT

Microsatellite instability (MSI) is a phenotypic consequence of de-
fect deoxyribonucleic acid (DNA) mismatch repair function. The
MSI status is a crucial biomarker in assessing a cancer patient’s
response to immunotherapy. Polymerase Chain Reaction (PCR)
testing or immunohistochemical detection were the gold-standard
methods for determining MSI. Recent studies have demonstrated
that deep learning approaches can rapidly and cost-effectively de-
termine MSI status from standard pathological images. This study
employed several self-supervised techniques, including ResNest,
Transformer, and other deep learning architectures, on The Cancer
Genome Atlas (TCGA) pathological image datasets to detect MSI
status. The experimental results demonstrated that all methods
achieved an area under the curve (AUC) exceeding 0.90. These
results surpass the performance of a single traditional network
structure on the datasets, thereby validating the superiority of the
self-supervision training methods to predict MSI status from patho-
logical images. Our proposed self-supervised methods effectively
bridge the knowledge gap between natural and medical image-
pretrained models.
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1 INTRODUCTION

A microsatellite (MS) position refers to a constantly repeated sin-
gle nucleotide with a length of 10 to 20 base pairs in the genomic
sequence. In colorectal cancer (CRC) and other cancer types, mis-
match repair deficiency (IMMR) generates Microsatellite instability
(MSI), a specific DNA damage pattern with the successive repeating
length of these microsatellite positions differing from the refer-
ence genome (becoming shorter or longer). In intermediate and
late-stage CRC cancer patients, MSI is frequently linked to a lack
of chemotherapeutic response and is a good predictor of immune
checkpoint inhibition response [1]. In addition, Lynch syndrome,
the most prevalent hereditary cause of CRC, MSI is one of the ge-
netic mechanisms underlying carcinogenesis [2]. Therefore, MSI
undoubtedly has a variety of clinical implications. Usually, multiplex
polymerase chain reaction (PCR) [3] test, multiplex immunohis-
tochemistry (IHC) panel [4], or next-generation sequencing are
required to detect MSI status. Due to the high cost of the tests,
these methods might not be available to all patients. Additionally,
finding accredited testing facilities can be challenging for cancer
patients. Further, the limited accuracy of these tests makes them
less than ideal for all the patients. For MSI testing, some studies
demonstrate a sensitivity of 100% and a specificity of 61.1% [5] or a
higher specificity of 92.5% with a lower sensitivity of 66.7% [6]. On
the other hand, predicting MSI via deep learning has outperformed
the MSI genetic test in terms of cost and accuracy. Because MSI diag-
nosis is related to tumor patients’ prognosis and therapy, avoiding
the additional cost of Hematoxylin and Eosin (H&E) pathological
slices, as well as the difficulty of finding accredited institutions
can be important for patients. Moreover, pathological images of
MSI tumor patients reveal morphological characteristics such as
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tumor-infiltrating lymphocytes, cultural differentiation, heteroge-
neous morphology, and poor differentiation [7]. Although these
characteristics are difficult to quantify manually, deep learning can
be used to train and produce reliable and accurate MSI predictions.

It was first shown that a deep learning algorithm could predict
MSI from a dataset of pathological images. According to Kather
et al. [8], deep learning approaches can be applied to determine
MSI status from the whole slide image (WSI). They trained one
ResNet18 [9] model to segment tumor regions on WSI and another
to predict MS status (microsatellite instability or microsatellite sta-
bility) in each tumor tile. Each ResNet18 model was pretrained on
ImageNet, then the models were trained and validated on various
TCGA cohort datasets, with an Area Under Curve (AUC) of 0.77,
0.81, and 0.75 on colorectal, gastric, and endometrial formalin-fixed
paraffin-embedded (FFPE) datasets, respectively. Following this
work, many researchers applied deep learning methods to predict
MSI, but most used CRC datasets. Ke et al. employed a knowl-
edge distillation model to identify patch-level MSI [10]. Kim et al.
constructed a model based on DeepLabv3+ with OctaveResNet to
employ MSI prediction of CRC [11]. Wang et al. used the classi-
cal ResNet model to predict MSI status based on the endometrial
cancer (UCEC) dataset [12]. They took patches from each WSI and
trained a ResNet18 model to predict the MS status of each patch,
then used the patch likelihood histogram to integrate the patch
predictions further to infer a patient’s MS status. Their approaches
achieved AUCs of 0.73. Furthermore, self-supervised learning has
recently gained popularity in the computer vision community and
has been demonstrated effective in medical imaging segmentation.
Venkatakrishnan et al. introduced a self-supervised construction
method based on reconstruction and predictive geometric trans-
formation [13]. Zhang et al. introduced a 3D network architecture
that leveraged semantic supervision from a large-scale 2D natural
image dataset to increase the accuracy and training convergence
speed of 3D medical imaging tasks [14].

Inspired by the superior performance of self-supervised learning,
we combined several popular self-supervised learning techniques
with various neural network structures to predict MS status from
WSI images. We compared our model with ImageNet pretrained
and random initialization models to explore the advantages of self-
supervised learning in MS status prediction. Prior to this study,
Saillard et al. [15] showed that using self-supervision to detect
dMMR/MSI tumors outperformed ImageNet pre-trained models
and obtained an AUC of 0.92 for CRC tumors. However, their re-
search did not compare the outcomes of self-supervised learning
methods with random initialization models. Besides, we compared
the performance of several self-supervised approaches on the same
dataset, further demonstrating the superiority of self-supervised
learning methods in such studies. Our best model yielded an AUC
of 0.93 for CRC tumor samples. Furthermore, we compared the
performance of transformer architecture on datasets with different
methods. We found that using the random initialization model, the
accuracy of the vision transformer [16] and Swin-transformer [17]
models is only 83%. However, the convergence of training and model
accuracy could be significantly augmented using self-supervised
and ImageNet pretrained models.
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2 METHODS
2.1 Workflow Overview

An overview of our proposed method is shown in Figure 1. First,
the NCT-CRC-HE-100K [16] dataset was used to train the tumor
detection model from WSI. It contains 100,000 non-overlapping
picture patches from histological images of human colorectal cancer
(CRC) and normal tissue stained with Hematoxylin and Eosin (H&E).
All images are 224 * 224 pixels at 0.5 microns per pixel (MPP). The
approach proposed by Macenko [17] is used to color-normalize all
images. Tissue classes include Adipose (ADI), background (BACK),
debris (DEB), lymphocytes (LYM), mucus (MUC), smooth muscle
(MUS), normal colon mucosa (NORM), cancer-associated stroma
(STR) and colorectal adenocarcinoma epithelium (TUM). Tumor
samples contained CRC primary tumor slides and tumor tissue
from CRC liver metastases. Normal tissue slides were augmented
with non-tumorous regions from gastrectomy specimens. Then, the
tumor detection model was used to determine the tumor area in
WSI and obtain each slice’s MSI or MSS status. Finally, the patient-
level MS status was determined through a major voting approach.
To evaluate the MS status prediction model, two TCGA datasets [8]
TCGA-CRC-DX (250 CRC patients) and TCGA-STAD (315 STAD
patients) were used in this study.

2.2 Tumor Prediction Model

ResNet [18] is a neural network model that plays a significant role
in computer vision. It has shown promising results in classifica-
tion, segmentation, and detection tasks with strong robustness and
generalization and has been widely employed in medical imaging
tasks. ResNest [9] is a ResNet variation that uses split attention and
channel attention strategies to improve the effect of the ResNet
model. Therefore, ResNest was chosen as our automatic tumor de-
tection model. We first pretrained the model with ImageNet [19],
and then the NCT-CRC-HE-100K dataset was used to fine-tune
the ResNest model. The tumor detection model was then tested on
the whole image to obtain all the tumor positions (each pixel in
WSI was classified by 0 or 1, 0 for normal tissue pixels, 1 for tumor
tissue pixels). The whole process of tumor prediction is illustrated
in Figure 2.

2.3 Patch Embedding and MS Status Prediction

The most significant benefit of self-supervised strategies is that they
enable data to provide supervised information to the learning model
independently. We, therefore, used the self-supervised algorithms
to uncover potential knowledge of the pathological image dataset
to improve the MS status prediction precision. The tumor areas of
all CRC WSI slides were divided into 224 * 224 patches. We chose
ResNeSt50, Swin-transformer, and Vision Transformer as our patch
embedding models in this study. Then, we used self-supervised
learning algorithms to pretrain the parameters. After pretraining,
we removed the output head by self-supervised learning approaches,
established a deep neural network connector, and randomly initial-
ized the classification connector parameters to classify the images.
Lastly, we fine-tuned the model to conduct supervised learning
on the patches, using Mixup [20] and Auto-augment [21] as data
augmentation and cross-entropy as the loss function.
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Figure 1: The whole workflow of our approach to predict MS status from histology whole-slide image.
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Figure 2: The tumor detection process. First, the tumor tissue and normal tissue WSIs in the training dataset were trained using
ResNest network. Then given a WSI in the test dataset, the model can predict the tumor positions in WSI (tumor: 1, normal: 0).
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Figure 3: The overall workflow to predict patient-level MS status from tumor patch. First, the tumor patches were embedded by
three different networks (ResNest50, Swin-Transformer and Vision Transformer). Then different fine-tune methods were tested
to derive MS score for each tumor patch. Finally, the patient-level MS status was predicted using a major voting approach.

We employed the soft label to constrain the cross entropy to
avoid overfitting. We configured the model’s L2 regularization to
le-5 and established a batch size of 128. The model’s performance
was then evaluated on a test dataset. Like the training process,
the whole slide images from the test dataset were segmented into
patches of 224 * 224 pixels. The model then computed a prediction
score for MS status for each patch, embedding this score in the
corresponding location within the image. Subsequently, the patient-
level MS status was predicted using a majority voting approach
based on the prediction scores from each method. Starting from the
tumor patch, the MS status prediction process is depicted in Figure
3.

3 RESULTS

3.1 Evaluation Metrics

In this work, we mainly use the area under the curve (AUC) value to
evaluate the performance of our approach to determine MS status.
With MSI status as positive classes and MSS status as negative
classes, the AUC is the area under the ROC curve that shows the
relationship between the true positive rate (TPR) and the false
positive rate (FPR). TPR and FPR are based on True Positive (TP),
False Positive (FP), True Negative (TN), and False Negative (FN).
The TPR and FPR metrics are calculated as follows:

TPR = L (1)
" TP+FN

FPR = FP )
T FP+TN

3.2 Tumor Prediction Result

In the tumor detection step, we used the ResNest50 model as the
training model, as it achieved the highest accuracy in the validation
set, and it has fewer network parameters, faster reasoning speed,
and lower computing costs than the Swin-Transformer model and
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Figure 4: The accuracy of tumor prediction increases when
the number of training epochs increases.

other networks (data not shown). As shown in Figure 4, when the
training epoch number reached 240, the ResNest50 model achieved
an accuracy of 96.89%, a precision of 95.78%, a recall of 95.47%, and
an F1-score of 95.44% on the NCT-CRC-HE-100K validation dataset.
Furthermore, we found that when the epoch number reached 250,
the tumor prediction accuracy increased to 99.82%,

3.3 MS Status Prediction Result

In the MS status prediction step, we combined the most popular self-
supervised fine-tune algorithms with the ResNest50, Vision Trans-
former, and Swin-Transformer, respectively. These self-supervised
algorithms included MoCoV2 [17], SimSiam [22], SWAV [23], Ro-
tation Prediction [24], MoCoV3 [25] and SimMIM [26]. Then, we
fine-tuned each self-supervised learning approach using tiny learn-
ing rates. We compared the three fine-tuning strategies (param-
eter random initialization, pretrained using ImageNet, and self-
supervised learning approaches) to train all network models on
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Figure 5: Training convergence speed of different methods on TCGA-CRC dataset (left) and TCGA-STAD- dataset (right).

Table 1: The AUC values of different combined approaches on TCGA-CRC-DX and TCGA- STAD datasets.

Method TCGA-CRC-DX
MoCoV2-ResNet50 0.90
SimSiam-ResNet50 0.89
SwAV-ResNest50 0.93
Rotation Prediction-ResNet50 0.88
MoCoV3-ViT 0.90
SimMIM-Swin Transformer 0.91

TCGA-STAD
0.89
0.82
0.86
0.81
0.83
0.82

Table 2: Comparison AUC values of our best model with the other two previous methods.

Method

Kather et al. [8]

Sailard et al. [15]

Our best model (SwAV-ResNest50)

TCGA-CRC-DX TCGA-STAD
0.77 0.81
0.92 0.83
0.93 0.86

the same dataset. We found that, compared to the other models,
the convergence speed of the self-supervised training model was
significantly improved on the same dataset (Figure 5). SWAV has
the fastest convergence speed among all self-supervised methods.
We combined the ResNest50 model with the MoCoV2, SimSiam,
SwAV, and Rotation Prediction algorithms, the MoCoV3 algorithm
with the Vision Transformer model, and the SimMIM algorithm
with the Swin-Transformer model. The TCGA-CRC-DX and TCGA-
STAD datasets were used to train and test all the combination
approaches. Table 1 shows the AUC score for each combination
approach. Finally, on the same TCGA-CRC-DX and TCGA-STAD
datasets at the patch level, the combination of SWAV and ResNest50
model achieved the best result with an AUC of 0.93, outperforming
the results reported in Kather et al. [8] and Saillard et al. [15] (Table
2).
Furthermore, we found that the Vision Transformer and Swin-
Transformer models could only achieve an accuracy score of 0.83
when utilizing random weight initialization. However, using a self-
supervised method or ImageNet pretrained model weights signifi-
cantly improved the model’s accuracy and reduced the convergence
time (see Table 3). Given the substantial disparity between natural
and pathological images, the model pretrained on ImageNet fails

to outperform the self-trained model on TCGA pathological im-
age datasets. Direct migration might adversely affect the model
prediction performance. Overall, our research uncovered that the
self-supervised model could notably improve the performance in
MSI status prediction.

4 CONCLUSIONS

In this work, we compared the performance of the same model
trained by different self-supervised algorithms to identify the MS
status on the TCGA pathological imaging datasets. The experiments
showed that self-supervised algorithms have superior performance
of AUC value on these datasets. Compared to models initialized
randomly or pre-trained by ImageNet, the models trained by dif-
ferent self-supervised algorithms all demonstrated superior per-
formance and rapid convergence. The training AUC value of all
self-supervised methods reached a remarkable 0.90, with the best re-
sult peaking at 0.93. These results demonstrated the self-supervised
algorithm’s superior suitability for MS detection from pathological
images compared to conventional approaches.
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Table 3: AUC results of our best self-supervised method with pre-trained model and random initialization model.

Method TCGA-CRC-DX TCGA-STAD
ImageNet pretrained model 0.91 0.84
Random initialization model 0.90 0.82
Our best model (SwAV-ResNest50) 0.93 0.86
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