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Abstract

Purpose To construct and validate a radiomics feature model based on computed tomography (CT) images and clinical
characteristics to predict the microsatellite instability (MSI) status of gastric cancer patients before surgery.

Methods We retrospectively collected the upper abdominal or the entire abdominal-enhanced CT scans of 189 gastric can-
cer patients before surgery. The patients underwent postoperative gastric cancer MSI status testing, and the dates of their
radiologic images and clinicopathological data were from January 2015 to August 2021. These 189 patients were divided
into a training set (n =90) and an external validation set (n =99). The patients were divided by MSI status into the MSI-high
(H) arm (30 and 33 patients in the training set and external validation set, respectively) and MSI-low/stable (L/S) arm (60
and 66 patients in the training set and external validation set, respectively). In the training set, the clinical characteristics and
tumor radiologic characteristics of the patients were extracted, and the tenfold cross-validation method was used for internal
validation of the training set. The external validation set was used to assess its generalized performance. A receiver-operating
characteristic (ROC) curve was plotted to assess the model performance, and the area under the curve (AUC) was calculated.
Results The AUC of the radiomics model in the training set and external validation set was 0.8228 [95% confidence inter-
val (CI) 0.7355-0.9101] and 0.7603 [95% CI 0.6625-0.8581], respectively, showing that the constructed radiomics model
exhibited satisfactory generalization capabilities. The accuracy, sensitivity, and specificity of the training dataset were 0.72,
0.63, and 0.77, respectively. The accuracy, sensitivity, and specificity of the external validation dataset were 0.67, 0.79, and
0.60, respectively. Statistical analysis was carried out on the clinical data, and there was statistical significance for the tumor
site and age (p <0.05). MSI-H gastric cancer was mostly seen in the gastric antrum and older patients.

Conclusions Radiomics markers based on CT images and clinical characteristics have the potential to be a non-invasive
auxiliary diagnostic tool for preoperative assessment of gastric cancer MSI status, and they can aid in clinical decision-
making and improve patient outcomes.
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Abbreviations

MSI Microsatellite instability

CT Computed tomography

AUC Area under the curve

ROC Receiver operating curve

NCCN National comprehensive cancer network
MMR Mismatch repair

MSI-H MSI-high frequency

MSI-L MSI-low frequency

MSS MSI stability

VOI Volume of interest

ROI Region of interest

DNA Deoxyribonucleic acid

FDA Food and Drug Administration

GLCM Gray-level co-occurrence matrix
GLRLM  Gray-level run length matrix

GLSZM  Gray-level size zone matrix

GLDM  Gray-level dependence matrix

NGTDM Neighborhood gray-tone difference matrix

Introduction

Based on 2020 global data statistics, the incidence and
mortality rate of gastric cancer in men are ranked 4th
among all cancers, and the incidence and mortality rate of
gastric cancer in women is ranked 7th and 5th, respectively
[1]. Gastric cancer can be defined by molecular subtypes,
which can be used to predict outcomes and guide targeted
therapies [2].

Approximately 15-25% of gastric cancer patients have
the unique molecular phenotype of microsatellite instabil-
ity (MSI) [3]. MSI is characterized by alterations in length
within short-repeated DNA sequences, resulting from
mutational inactivation or epigenetic silencing of DNA
mismatch repair genes [4]. Studies showed that MSI is a
predictor of sensitivity to immunotherapy [5, 6] and ena-
bles some patients to benefit from immunotherapy [7, 8] but
not from conventional chemotherapy [9-11]. In addition,
the US Food and Drug Administration (FDA) announced
in 2017 that the monoclonal antibody drug pembrolizumab
can be used for the treatment of MSI-H or DNA mismatch
repair-deficient marker-positive tumors and unresectable
and metastatic tumors. The NCCN Gastric Cancer Guide-
lines, Version 4.2021, recommend that MSI status should be
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routinely tested in patients who are newly diagnosed with
gastric cancer.

Currently, immunohistochemical staining or molecular
biology tests are predominantly used to determine the gastric
cancer MSI status in clinical practice [12]. The samples used
for these test methods can only be obtained via preoperative
biopsy or postoperative pathological samples. However, the
temporal heterogeneity [13] of MSI status in tumor tissues
at different stages and over the course of treatment has cur-
tailed the use of many histological methods. Furthermore,
contraindications to endoscopy or surgery, as well as severe
complications caused by endoscopy [14], unqualified speci-
mens [15], and unnecessary biopsy for metastatic patients
will all hinder histological examinations. Therefore, the
development of a relatively non-invasive and convenient
alternative biomarker to predict gastric cancer MSI status
may contribute to accurate treatment.

Radiomics can be used to mine high-throughput quantita-
tive imaging features and has the potential for quantitation of
intratumor and intertumor heterogeneity [16]. Recent studies
showed that radiomics is widely used in oncology studies,
and researchers have demonstrated some clinical application
value [17-19]. Radiomics studies on tumor MSI status have
also been reported [20—24]. These reports demonstrated the
feasibility of using radiomics to analyze tumor MSI status.
Thus far, no radiomics studies on MSI status detection in

gastric cancer have been performed. In this study, preop-
erative-enhanced computed tomography (CT) images and
clinical characteristics were used to construct and validate
a radiomics model for predicting gastric cancer MSI status.

Materials and methods
Patients

This retrospective study was approved by the institutional
review committee of Zhejiang Provincial People’s Hospital
(institution I), the First Affiliated Hospital of Zhejiang Uni-
versity School of Medicine (institution II), and The People's
Hospital of Guangxi Zhuang Autonomous Region (institu-
tion III). The signed informed consent was abandoned. The
study was conducted in accordance with the declaration of
Helsinki. Patients in three participating institutions who
underwent a preoperative-enhanced CT scan and were histo-
pathologically proven to have gastric adenocarcinoma were
enrolled in the study. Figure 1 shows the patient selection
and exclusion process. The exclusion criteria are as follows:
(1) The interval between preoperative CT and operation was
more than 2 weeks; (2) No MSI assessment; (3) Any type of
anti-cancer treatment, such as radiotherapy, chemotherapy,
or biotherapy before CT examination; (4) Small tumors that

Fig. 1 Flowchart of the patient
selection and patient exclusion

before operation

1.Patients with Gastric Cancer from 3 institusions
2.Abdominal CT enhancement was performed within 2 week

Exclusion:

(1) The interval between preoperative CT and operation was
more than 2 weeks;

(2) No MSI assessment;

P (3) Any type of anti-cancer treatment before CT examination
(4) small tumors that are difficult to identify on the image;
(5) Incomplete clinical data;

(6) Poor CT image quality;

(7) diffuse gastric cancer.

4

MS-L/S patients and MSI-H patients

Training dataset
institusion I (n=90)

Validation dataset
institusion I, I, I (n=99)

Model establishment

and validation
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are difficult to identify on the image; (5) Incomplete clinical
data; (6) Poor CT image quality; and (7) Diffusive gastric
cancer. Finally, 189 patients were retrospectively included
in this study, in which the clinical data were retrospec-
tively analyzed. The clinical characteristics of patients were
recorded, including age, gender, tumor site (gastric cardia-
fundus, gastric body, and gastric antrum), carcinoembry-
onic antigen (CEA) status (normal or abnormal), and serum
tumor marker carbohydrate antigen-199 (CA199) status
(normal or abnormal).

MSI status assessment

In this study, the expression levels of protein products of
the MMR gene (MLH1, MSH2, MSH6, and PMS2) were
measured, and immunohistochemical staining was used
to measure MSI status. Immunohistochemical staining
results were interpreted by two pathologists with more than
10 years of experience in diagnosing abdominal tumors,
and both pathologists agreed on the results. Patients were
divided into two groups, with the MSI-L/S group contain-
ing patients whose 4 MMR proteins were all positive, while
the MSI-H group included patients with any MMR protein
that was negative.

CT image collection

All of the patients underwent upper abdominal or the entire
abdominal-enhanced CT examination 2 weeks before sur-
gery. Before the CT examination, patients were asked to
drink 800-1000 ml water in 15-20 min. Seven different CT
scanners from 3 institutions were used to acquire CT images.
Two CT scanners were used in institution I, including a
64-slice CT scanner and a 128-slice CT scanner (Siemens
Healthineers). Three CT scanners were used in institution

I, including a 64-slice and a 256-slice CT scanner (Philips
Healthcare) and a 16-slice CT scanner (Toshiba Medical
System). In institution III, a 64-slice CT scanner (Siemens
Healthineers) and a 256-slice CT scanner (Philips Health-
care) were used. The mean acquisition parameters of the 3
institutions were tube voltage: 120 kev (100-130 kev), tube
current: 213 mAs (125-300 mAs), interval: 0.6—1.25 mm,
and slice thickness: 3—7 mm. A high-pressure injector was
used to inject the contrast agent (2 mL/kg) (Jiangsu Hengrui
Pharmaceuticals Co. Ltd.) at a speed of 2.5-3.5 mL/s. After
injection, the trigger threshold was 140-160 HU, and CT
scans were performed at the arterial phase and portal venous
phase, with 6-10 s and 40—45 s delays, respectively, after
the threshold value.

Tumor segmentation

A picture archiving and communication system workstation
was used to export arterial phase and portal venous phase
CT images in the DICOM format. Two radiologists with 8
and 10 years of experience in abdominal imaging used the
ITK-SNAP image-processing software (version 3.8.0, www.
itksnap.org) to manually delineate the volume of interest
at the axial position, continuously delineate the region of
interest (ROI) from the slice where the lesion began, and
perform segmentation along the tumor contour. The ROI
included intratumor necrotic or hemorrhagic regions; nor-
mal gastric walls, neighboring adipose tissues, and gastric
contents were avoided as much as possible (Fig. 2). After
1 week, the radiologist with 8 years of experience per-
formed delineation again in all of the patients to assess intra-
observer and inter-observer feature extraction consistency.
SPSS software was used for inter-group and intra-group cor-
relation coefficient (ICC) analysis. Satisfactory consistency
was defined by an ICC > 0.75. Only radiomics features with

Fig.2 A 70-year-old female gastric cancer patient. The region within the red line in the right figure indicates the ROI of the tumor
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satisfactory reproducibility (ICC > 0.75) were selected for
further analysis.

Radiomics analysis

This study used the Dr. Wise Multimodal Research Platform
(https://keyan.deepwise.com, V1.6.2) (Beijing Deepwise
& League of PHD Technology Co., Ltd., Beijing, China)
for radiomics analysis, including image annotation, feature
extraction and selection, and modeling. Figure 3 shows the
radiomics analysis procedure.

Image preprocessing

B-spline interpolation sampling was used for resampling
of images with different resolutions. After resampling, the
same resolution was obtained for all of the samples, and the
grayscale image was standardized.

Feature extraction

Radiomics features were extracted from the original images
and pre-processed images. From every ROI, 4032 radiomics
features (Table 1) were extracted, including first-order fea-
tures, shape features that describe tumor morphology, gray-
level co-occurrence matrix (GLCM), gray-level run length

Tumor segmentation
feature extraction

matrix (GLRLM), gray-level size zone matrix (GLSZM),
gray-level dependence matrix (GLDM), and neighborhood
gray-tone difference matrix (NGTDM) features that describe
the texture of the tumor interior and surface. Then, Z-score
standardization (i.e., subtraction of the mean followed by
division with the standard deviation) was performed. Sta-
tistical analysis was carried out on the clinical data, and
two clinical characteristics (tumor site and age) exhibited
statistical significance (P <0.05). These two clinical charac-
teristics and the extracted radiomics features were included
as radiomics characteristics for analysis.

Feature dimensionality reduction and model
construction

Feature correlation analysis was carried out to identify radi-
omics features. When the linear correlation coefficient of
two features was above a certain threshold (linear correla-
tion coefficient threshold =0.9), the variable with the lowest
effect on the dependent variable was removed. Finally, 20
features were included in the model. The logistic regression
classification algorithm was used to construct a radiomics
model based on the selected features. After the model was
constructed, the tenfold cross-validation method was used
for internal validation of the training set. All of the data
were divided into 10 parts, and 9 parts were used for model

Clinical features
(age,tumor
location,CA199,CEA Gender)

Radiomics features
(shape first-
order,GLCM,GLSZM,GLRLM,GL
DM NGTDIM)

Radiomics features

Feature selection and

(shape first-order, GLCM,GLSZM,GLRLM,GLDM,NGTDM)

Feature dimensionality reduction
and selection

analysis

Clinacal features

Clinacal features

Model establishment
and validaotion

(Statistical analysis,p <0.05)

Radiomics features
+

Clinical features

Fig.3 The radiomics analysis framework in this study
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Table 1 Extracted radiomics
features

NGTDM
GLSZM
GLRLM

GLDM
GLCM
B 28

shape

first order

0 200

training, while 1 part was used to assess the model effective-
ness. After the training and internal validation were per-
formed, the mean of the 10 tests was used to assess model
performance. Finally, the external validation set was used
to assess the generalization capabilities of the model. The
receiver-operating characteristic (ROC) curve was plotted
to assess the model performance. The assessment markers
mainly included the area under the curve (AUC), sensitivity,
specificity, and accuracy. The AUC was the main assessment
marker used for model performance.

Statistical analysis

Descriptive statistics were used to analyze the clinical data
in the training and validation sets. The independent samples'
t test was used for comparison of numerical data (age), and
the chi-square test was used for comparison of categorical
data (gender, tumor site, CEA status, and CA199 status). A
difference with p <0.05 was considered to be statistically
significant. SPSS (IBM SPSS Statistics 26.0) software was
used for all of the statistical analyses.

Results
Clinical characteristics

In the current study, 189 gastric adenocarcinoma patients
in 3 institutions were included based on the exclusion crite-
ria. There were 63 MSI-H gastric cancer patients, of which
31 were from institution I, and 32 were from institutions II
and III. There were 126 MSI-L/S gastric cancer patients, of
which 68 were from institution I, and 58 were from institu-
tions II and III. There were 140 males and 49 females (mean
age: 66 years, age range: 31-90 years). For model design

Radiomics features

I 220

Iy 704
704
616
I L 988

792

400 600 800 1000 1200

prediction, 90 patients from institution I were used as the
training dataset, and the remaining 99 patients from the 3
institutions were used as the external validation dataset.

Table 2 shows the clinical characteristics of the gastric
cancer patients. The results showed that there was statistical
significance (p < 0.05) associated with the tumor site in the
training and external validation sets, because MSI-H gastric
cancer mostly occurs in the gastric antrum. In the training
set, the age of diagnosis of the MSI-H group was higher than
that of the MSI-L/S group (p <0.05).

Radiomics feature analysis results

After feature dimensionality reduction, 20 clinical and radi-
omic characteristics were included in the model, of which
12 radiologic features were extracted from the arterial phase,
including 4 first-order features (maximum, skewness, kurto-
sis, 90th percentile), 5 GLSZM (Size Zone Non-Uniform-
ity Normalized, Size Zone Non-Uniformity, Small Area
High Gray-Level Emphasis, Small Area Low Gray-Level
Emphasis, and Small Area Emphasis), 1 GLDM (Depend-
ence Entropy), 1 NGTDM (Busyness), 1 GLCM (Informa-
tional Measure of Correlation 2); and 7 radiologic features
were extracted from the portal venous phase, including 1
shape feature (Maximum 2D Diameter Slice), 3 GLSZM
(Gray-Level Non-Uniformity, Gray-Level Variance, Gray-
Level Non-Uniformity), | GLDM (Dependence Variance),
2 GLCM (Informational Measure of Correlation 2, Cluster
Shade), 1 GLRLM (Short Run Emphasis), and 1 clinical
characteristic (age). The relative weights of these features
are shown in Fig. 4.

The confusion matrix is used to describe the relationship
between the real attributes of sample data and the types of
classification prediction results (Figs. 5 and 6). The ROC curve
is an integrated marker reflecting the false positivity rate and
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Table_ 2 Characte}risticg of Characteristics Training set P Validation set P
gastric cancer patients in the
MS-L/S group and MSI-H MSI-H (n=30) MS-L/S MSI-H MS-L/S
group (n=60) (n=33) (n=66)
Age 70.90 +8.69 65.65+11.48  0.030 65.73+9.82  65.11+10.8  0.782
(average)
Gender 0.186 0.134
Male 20 49 20 51
Female 10 11 13 15
Tumor location 0.027 0.022
Cardia-fundus 8 6 11
Body 3 21 5 27
antrum 22 31 22 28
CA199 0.922 1.000
Normal 24 50 26 51
Abnormal 6 10 7 15
CEA 1.000 0.782
Normal 25 51 28 53
Abnormal 5 9 5 13
I SR

gradient_gliszm_GrayLeveliNonUniformity-V
Ibp-3D-m1_firstorder_Maximum
wavelet-HHH_firstorder_Skewness
wavelet-LHH_glszm_SizeZoneNonUniformity
wavelet-HHL _glszm_SizeZoneNonUniformityNormalized
wavelet-LHH_gliszm_SmallAreaHighGrayLevelEmphasis
wavelet-LHL_ngtdm_Busyness
original_shape_LeastAxisLength-V
Ibp-3D-k_glrim_ShortRunEmphasis-V
log-sigma-5-0-mm-3D_glszm_GrayLevelVariance-V
wavelet-LHH_gldm_DependenceEntropy

wavelet-LHL _firstorder_Kurtosis
original_shape_Maximum2DDiameterSlice-V
wavelet-LLL_firstorder_90Percentile
wavelet-HLH_glcm_Imc2
wavelet-LLH_gldm_DependenceVariance-V

YEAR

Ibp-3D-k_firstorder_10Percentile
square_gliszm_SmallAreaLowGraylLevelEmphasis
Ibp-3D-m1_firstorder_Skewness

0.20 0.25 0.30

Fig.4 The relative weights of features in the model

true positivity rate of continuous variables. The assessment
markers mainly include AUC, sensitivity, specificity, and
accuracy. The AUC is the main assessment marker for model
performance. In this study, the ROC curve was plotted to
assess the performance of the prediction model in the training
set and validation set. The AUC of the training set and exter-
nal validation set was 0.8228 [95% confidence interval (CI)
0.7355-0.9101] (Fig. 7) and 0.7603 [95% CI 0.6625-0.8581]
(Fig. 8), respectively, and there was no significant reduc-
tion in AUC, which showed that the constructed radiomics
model exhibited satisfactory generalization capabilities. The
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accuracy, sensitivity, and specificity of the training dataset
were 0.72, 0.63, and 0.77, respectively. The accuracy, sensi-
tivity, and specificity of the external validation dataset were
0.67, 0.79, and 0.60, respectively.

Discussion

In this study, we constructed a non-invasive model in which
clinical characteristics and radiomics features from com-
bined CT images were used to predict the preoperative
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Fig.7 ROC curve of the radiomics model in the training set

MSI status of gastric cancer patients. External independent
datasets from many centers were used for the validation of
this model, proving that this model has predictive value and
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Fig.8 ROC curve of the radiomics model in the external validation
set

generalization capabilities, and it also has clinical applica-
tion potential.

Radiomics can provide tumor phenotype and microenvi-
ronment information based on quantitative image features,
such as intensity, shape, size, and texture, and microstruc-
tural changes that cannot be discerned by the naked eye can
be mined. In our non-invasive model, the top two features by
weight were Gray-Level Non-Uniformity (GLN) in GLSZM
and the maximum of the first-order feature, and they repre-
sent the variability in gray-level intensity values in the image
and the maximum gray-level intensity within the ROI. Previ-
ous studies showed that MSI-H gastric cancer is associated
with tumor necrosis [25] and microvessel count (MVC) [26].
Tumor necrosis causes the density contrast differences in
the tumor region to increase, while MVC differences cause
differences in contrast agent uptake in the lesion after CT
enhancement. These clinicopathological microstructural
changes enable the use of radiomics to classify gastric can-
cer MSI status based on the grayscale intensity of the tumor
region.

Our study found that the incidence of gastric antrum can-
cer in the MSI-H group was significantly higher than that
in the MSI-L/S group (p <0.05), which was consistent with
the study of Choi et al. [27, 28]. There are different onco-
genic inheritance pathways for gastric cancer in different
sites, resulting in different phenotypic marker expression
and biological behavior and different gene expression in
tumors at different sites [29, 30]. This may be the basis for
the higher incidence of gastric antrum cancer in the MSI-H
group. Our study found that MSI-H gastric cancer was sig-
nificantly associated with age (p <0.05), as subjects with a
diagnosis of MSI-H gastric cancer were older, and this was
also verified by Polom et al. [5, 31]. No correlations between
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MSI status and CA199 and CEA were found in the training
set or the validation set.

A model developed from a single center may be depend-
ent on the study site and instruments. Additionally, differ-
ences in site, supplier, or protocol may affect voxel intensity
range, thereby affecting model generalization capabilities. In
contrast, a multicenter study can provide clinical radiologic
data with greater diversity, elucidate tumor heterogeneity
with greater accuracy, and conforms to the developmental
trend of precision medicine. Our study was a multicenter
study, and the data from the largest institution were used
as the training dataset, while the remaining data from the
3 institutions were used as the external validation dataset.
External independent datasets from many centers were used
for validation of this model. Our study results showed that
our model possesses predictive value and generalization
capabilities.

This study has some limitations. First, this is a retrospec-
tive study, and unavoidable selection bias is present. Sec-
ond, because of the inaccurate lesion contour delineation
that occurs with non-enhanced CT scans, we only extracted
radiomics features from the enhanced arterial phase and por-
tal venous phase. Third, because gastric cancer tumors are
irregularly shaped, we must manually delineate the ROI,
which inevitably results in some errors in tumor contour
delineation. Automatic feature extraction for tumor lesions
will be one of our future study directions. Finally, although
we used patients from three large medical centers, our sam-
ple size remained small, and thus, a larger sample size is
required for further study.

Conclusion

The radiomics model we constructed using radiomics mark-
ers from CT images and clinical characteristics has the
potential to predict the MSI status of gastric cancer patients.
However, additional multicenter samples are required for
further validation before this model can be translated into
clinical applications.
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