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Abstract

BACKGROUND
Preoperative knowledge of mutational status of gastrointestinal stromal tumors
(GISTs) is essential to guide the individualized precision therapy.

AIM

To develop a combined model that integrates clinical and contrast-enhanced
computed tomography (CE-CT) features to predict gastric GISTs with specific
genetic mutations, namely KIT exon 11 mutations or KIT exon 11 codons 557-558
deletions.

METHODS

A total of 231 GIST patients with definitive genetic phenotypes were divided into
a training dataset and a validation dataset in a 7:3 ratio. The models were
constructed using selected clinical features, conventional CT features, and
radiomics features extracted from abdominal CE-CT images. Three models were
developed: Modelc;,,, model .. . and model CT,,,. .q:am The diagnostic
performance of these models was evaluated using receiver operating charac-
teristic (ROC) curve analysis and the Delong test.

RESULTS
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The ROC analyses revealed that in the training cohort, the area under the curve (AUC) values for modelc;,,,
modelc i 1 oo aNd MOdel ey i+ g + imic fOT predicting KIT exon 11 mutation were 0.743, 0.818, and 0.915, respectively.
In the validation cohort, the AUC values for the same models were 0.670, 0.781, and 0.811, respectively. For
predicting KIT exon 11 codons 557-558 deletions, the AUC values in the training cohort were 0.667, 0.842, and 0.720
for model,,, model. .. .o and model respectively. In the validation cohort, the AUC values for the
same models were 0.610, 0.782, and 0.795, respectively. Based on the decision curve analysis, it was determined
that the model had clinical significance and utility.

CT sign + rad + clinic/

CT sign + rad + clinic

CONCLUSION

Our findings demonstrate that the combined model g, 4 aa + aiie €ffectively distinguishes GISTs with KIT exon 11
mutation and KIT exon 11 codons 557-558 deletions. This combined model has the potential to be valuable in
assessing the genotype of GISTs.

Key Words: Gastrointestinal stromal tumor; Radiomics; Gene mutation; Computed tomography; Model

©The Author(s) 2024. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: In this study, we developed and validated a radiomics model to predict the genotypes of gastric gastrointestinal
stromal tumors (GISTs) using contrast-enhanced computed tomography images. Our findings demonstrated that the
radiomics model exhibited a satisfactory performance in distinguishing gastric GISTs with KIT exon 11 mutations and
GISTs with KIT exon 11 codons 557-558 deletions. Among the different models evaluated, the combined model .t gy, + roa + cinic
demonstrated the highest predictive accuracy. This model holds promise as an effective and noninvasive approach to guide
personalized treatment decisions prior to surgery.

Citation: Yin XN, Wang ZH, Zou L, Yang CW, Shen CY, Liu BK, Yin Y, Liu XJ, Zhang B. Computed tomography radiogenomics: A
potential tool for prediction of molecular subtypes in gastric stromal tumor. World J Gastrointest Oncol 2024; 16(4): 1296-1308
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INTRODUCTION

Gastrointestinal stromal tumor (GIST) is the most common mesenchymal tumor of the gastrointestinal tract, with an
annual incidence ranging from 6 to 22 cases per million individuals[1,2]. The stomach is the primary site of GIST onset,
accounting for 60%-65% of cases[3]. Prior to the year 2000, advanced GISTs had no effective medical therapy due to their
poor response to chemotherapy and radiotherapy. However, the identification of activating KIT mutations in GISTs led to
the rapid development of the first tyrosine kinase inhibitor (TKI), imatinib, which significantly improved clinical
outcomes for GIST patients[4,5]. In addition to KIT mutations, mutations in other genes such as PDGFRA, NF-1, BRAF,
KRAS, and PIK3CA, as well as SDH deficiency, have been discovered in GISTs[1,6]. The presence of specific driver
oncogenic genes in GISTs has made it a paradigm for precision medicine treatment.

The majority of GISTs harbor KIT mutations (80%) or PDGFRA mutations (5%-10%)[7,8]. Testing for KIT and PDGFRA
mutations is crucial for defining GIST pathological diagnosis, predicting tumor prognosis, and guiding TKI therapy.
Studies have shown that patients with PDGFRA mutations have a better prognosis compared to those with KIT mutations
[9]. Among GIST patients with KIT exon 11 mutations, those with deletion or insertion-deletion mutations have a worse
prognosis than those with point or repeat mutations. In addition, the presence of multiple codon deletion mutations or
deletions affecting codons 557-558 on KIT exon 11 has been linked to an aggressive biological phenotype and an
unfavorable prognosis[10,11]. It has been clinically observed that GISTs exhibit different response rates to imatinib
depending on their mutation status. GISTs with KIT exon 11 mutations have a higher response rate and recurrence-free
survival to standard imatinib therapy compared to exon 9 tumors. Most PDGFRA mutations respond to imatinib, with the
exception of D842V. Therefore, predicting the mutation status of tumors is crucial for managing GISTs. However,
currently, tumor mutation status can only be obtained after surgical resection or conventional invasive biopsy, making
preoperative genotyping of GISTs more challenging.

Contrast-enhanced computed tomography (CE-CT) is routinely used in clinical practice for the detection and evalu-
ation of GISTs. Recent advancements in CT image acquisition have enabled the acquisition of high-quality isotropic
images that provide rich data beyond general morphological information. Radiomics, an emerging quantitative imaging
method, can convert high-throughput medical imaging features into quantitative data. It has been extensively applied for
differential diagnosis, prognostic prediction, prediction of biological behavior, treatment outcomes, and tumor genetics
[12-15]. Previous studies have demonstrated that radiomics features can predict the malignant potential and prognosis of
GIST[16-19]. Radiogenomics, a promising paradigm, integrates clinical imaging with molecular and genomic imaging.
However, there have been limited studies on radiomics for predicting the mutational status of GISTs[20-22].
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In 2021, the primary outcomes of our research were published[21]. The study revealed associations between GISTs with
KIT exon 11 mutations and CE-CT images. CT radiogenomics showed promising potential in predicting the KIT exon 11
mutation status of GISTs. This study focuses specifically on gastric GISTs and aims to develop a prediction model for
genotypes using CE-CT images.

MATERIALS AND METHODS

Patients

This retrospective study obtained ethical approval from the Research Ethics Board of West China Hospital, Sichuan
University, China [Number: 2022(449)], and informed consent was waived due to the nature of the study. The inclusion
criteria were as follows: (1) Patients who underwent CE-CT examination at our hospital within 30 d prior to surgery or
biopsy; (2) patients diagnosed with primary gastric GISTs confirmed by pathological examination; and (3) patients with
definitive genetic analysis results. The exclusion criteria were as follows: (1) Patients who received preoperative
antitumoral treatment; (2) patients with tumor rupture; and (3) patients with inadequate CE-CT image quality, such as
severe motion artifact or portal phase image thickness exceeding 5 mm. A total of 231 patients from May 2010 to
December 2021 were included in the study (Figure 1). Mutation analysis was performed on the coding sequence of the
KIT gene (exon 9, 11, 13, and 17) and the PDGFRA gene (exon 12, 14, and 18) using Sanger sequencing. Clinical
information and pathology results were also collected.

CT imaging acquisition

All CT examinations were performed using three different CT scanners: A 64-slice CT scanner (Philips Medical system,
Eindhoven, The Netherlands), a 128-slice CT scanner (SOMATOM Definition AS +, Siemens Healthcare, Germany), and a
dual-source CT system (Somatom Definition Flash, Siemens Healthcare, Germany). Prior to the CT examination, patients
were required to fast for at least 6 h and ingest 600-1000 mL of water. The CT scanning range encompassed the entire
abdomen. The parameters for the CT examinations were as follows: Tube voltage of 120 kV, tube current ranging from
145 to 200 mAs, slice thickness of 2-5 mm, slice interval of 2 mm, field of view ranging from 35 cm to 50 cm, matrix size of
512 x 512, rotation time of 0.5 s, and pitch of 1.0. In all patients, an iodinated contrast agent (1.2-1.5 mL/kg) was
intravenously injected using a syringe pump. Enhanced images were acquired during the arterial phase triggered at a
threshold of 170 hounsfield units, and the portal venous phase was captured 30 s after the trigger.

CT imaging analysis

The CT images were independently reviewed by two radiologists who were blinded to the clinicopathological data. Dis-
crepancies between the two radiologists were resolved through consensus. The following CT features were evaluated
using Syngo Imaging Workplaces (VersionVB35A, Siemens AG, Erlangen, Germany): Tumor location, size, shape (regular
or irregular), margin (well-defined or ill-defined), growth pattern (exophytic, endophytic, or mixed), density (hypo-
density, isodensity, or hyperdensity), enhancement pattern and degree (mild, moderate, or marked), presence of internal
low attenuation areas (necrosis, gas, or cystic degeneration), calcification, superficial ulceration, presence of intra-tumoral
vessels, infiltration of adjacent mesangial fat, invasion of adjacent organs, distant metastasis, and lymphadenopathy. The
CT attenuation value was measured by delineating the region of interest (ROI) along the tumor edge on each consecutive
slice covering the entire lesion, excluding vessels, gas, and necrotic areas. Tumor necrosis was defined as an irregular area
within the tumor with a CT attenuation value < 20 HU in each phase and an enhancement increase of less than 10 HU
among the three phases. Cystic degeneration was characterized as a region with a smooth and well-defined border and a
density similar to water (CT attenuation value of 0-20 HU).

Radiomic analysis

All CE-CT images were collected and exported to the ITK-SNAP software (version 3.6.0, http:/ /www.itk-snap.org) for
manual segmentation of the ROI. For each patient, the portal vein phase images were reviewed, and the two largest cross-
section slices were selected. ROIs were delineated over the solid portion of the entire lesion, excluding gas, calcification,
vessels, and necrotic areas. The segmentation procedure was independently performed by two radiologists.

The Intelligence Foundry (Version 1.2, General Electric) was utilized to extract radiomics features from the lesions. A
total of 554 features, comprising Original features, Co-occurrence of Local Anisotropic Gradient Orientations features,
and Wavelet and local binary pattern (Wavelet-LBP) features, were extracted using PyRadiomic[23]. The reproducibility
of the features was evaluated by calculating intra- and inter-class correlation coefficients (ICCs). Radiomics features that
exhibited ICC values exceeding 0.75 in both intra- and inter-observer comparisons were selected for further feature
analysis.

The entire dataset was randomly divided into training and internal validation datasets in a 7:3 ratio. The training
dataset was exclusively used for feature selection and modeling. The feature preprocessing, feature selection, and model-
ing methods were as follows.

Based on the features identified through the ICC analysis, features with a variance less than 1.0 were excluded. Outlier
values greater than the third quartile plus twice the interquartile range were converted to the 95" percentile, while values
less than the first quartile minus twice the interquartile range were converted to the 10" percentile. To address the class
imbalance in the training dataset, the synthetic minority oversampling technique was employed, with 200% oversampling
and 150% undersampling[24]. Subsequently, all features were normalized and standardized using the Z-Score method.
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Figure 1 Study workflow. GIST: Gastrointestinal stromal tumor; CT: Computed tomography.

The feature importance was evaluated using random forest (RF) based on the mean decrease of Gini calculated for all
decision trees in the RF model. The top three important features were selected and used to construct the RF model[25,26].

Statistical analysis

Statistical analysis was conducted using SPSS software (Version 19, Chicago, IL, United States) and R software (Version
3.6.3; hitp:/ /www.Rproject.org). All statistical significance levels were two-sided, and a significance level of P < 0.05 was
considered statistically significant. To compare the significant differences between different genotype groups in both the
training and validation cohorts, the Mann-Whitney U test or independent sample ¢-test was employed. Fisher's exact test
or chi-square test was utilized to identify significant differences between different groups of continuous variables. The
discrimination performance of the models was evaluated using receiver operating characteristic (ROC) curves. The area
under the ROC curve (AUC) was used as a comprehensive measure of performance. Specificity, sensitivity, and positive
and negative predictive values were used to assess model performance at specific thresholds, which were determined by
maximizing the Youden index. The Delong test was employed to compare the AUC of paired models. Internal validation
was estimated by performing regular bootstrapping with 1000 bootstrap samples[27]. The goodness-of-fit of the model
was assessed using the Hosmer-Lemeshow test, with a P-value greater than 0.05 indicating agreement between the
observed and predicted values. Model calibration was visualized using calibration curve analysis, and the clinical net
benefit of the model was evaluated using decision curve analysis (DCA).
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Table 1 Clinicopathological characteristics of gastrointestinal stromal tumor patients included in this study, n (%)

KIT exon 11 Without KIT exon KIT exon 11 mutation with KIT exon 11 mutation without
Characteristics mutation (n = 11 mutation (n = value deletions involving codons deletions involving codons 557- value
192) 39) 557-558 (n = 56) 558 (n=136)
Gender (male) 97 (50.5) 24 (61.5) 0.223  32(57.1) 65 (47.8) 0.268
Age 55.7 +11.5 53.8 +13.4 0360 53.9+135 56.4 +10.6 0.222
Mitosis
<5/50 HPF 91 (47.4) 24 (61.5) 0117 11 (19.6) 80 (58.8) <
0.010
>5/50 HPF 101 (52.6) 15 (38.5) 45 (80.4) 56 (41.2)
Risk classi-
fication
Very low 2(1.0) 0 (0) 0.851 0 (0) 2 (1.5) <
0.010
Low 43 (22.4) 10 (25.7) 4(7.) 39 (28.7)
Intermediate 59 (30.8) 13 (33.3) 7 (12.5) 52 (38.2)
High 88 (45.8) 16 (41.0) 45 (80.4) 43 (31.6)
RESULTS

Clinicopathological characteristics

The clinicopathological characteristics of all 231 patients included in our study are listed in Table 1. Among the 231 cases
of GISTs, 192 exhibited the KIT exon 11 mutation, while 39 were characterized as wild type (23 cases), PDGFRA exon 18
mutation (12 cases), KIT exon 9 mutation (2 cases), KIT exon 17 mutation (1 case), or PDGFRA exon 14 mutation (1 case).
Within the group of patients with the KIT exon 11 mutation, 56 individuals had exon 11 deletions involving codons 557-
558.

Based on the results of the univariate analysis, gender, age, mitotic count, and risk classification did not show
significant differences between the group with the KIT exon 11 mutation and the group with other types of gene
mutations (P > 0.05 for all). However, a significant difference was observed in the mitotic count and risk classification
between the group with KIT exon 11 codons 557-558 deletion and the group without deletions in codons 557-558 (P <
0.01).

CT features analysis

The primary analysis of the subjective CT features is presented in Table 2. In the univariate analysis, significant diffe-
rences were observed in tumor shape, enhancement degree, and cystic change between the group with the KIT exon 11
mutation and the group with other types of gene mutations (P < 0.05). The CT features that showed statistical significance
in the univariate analysis were included in the multivariate regression analysis. The results demonstrated that
enhancement degree served as an independent predictor for the presence of the KIT exon 11 mutation. Moreover, notable
disparities in CT features were observed between the group characterized by KIT exon 11 codons 557-558 deletion and the
group lacking deletions in codons 557-558. Tumor size, tumor shape, margin, growth pattern, enhancement pattern,
necrosis, intra-tumoral vessel presence, infiltration of adjacent mesangial fat, invasion of adjacent organs, and distant
metastasis displayed significant differences between these two groups, as indicated by the univariate analysis. The
multivariate regression analysis revealed that tumor size, tumor shape, and growth pattern were independent predictors
for the presence of KIT exon 11 codons 557-558 deletion (P < 0.05).

Diagnostic performance of models
A set of 190 radiomic features, exhibiting ICC values exceeding 0.75 in intra- and inter-individual comparisons, was uti-
lized for constructing the diagnostic model.

For KIT exon 11 mutation: Three CT features (gas, growth pattern, and density in arterial phase), three radiomic features
(original_firstorder_Median, original_firstorder_InterquartileRange, and original_firstorder), and six clinic features (age,
size, CD34, Ki-67, mitoses, and tissue-type) were extracted to build three models: Model; ,,, modelcr g 4 roq and
modelcr g+ rad+ aine- 1 he combined model was developed using logistic regression, incorporating the model scores
generated by each independent model. In the modelcy g, . .0, the Radscore was calculated as (4.58) x rad + (1.565) x ctsign
+ (-2.906). In the modelcy gy + rad + cimir the Radscore was calculated as (4.364) x rad + (1.76) x ctsign + (5.207) x clinic +
(-5.665). The training cohort exhibited AUC values of 0.743, 0.818, and 0.915 for the three models, while the validation
cohort showed AUC values of 0.670, 0.781, and 0.811, respectively (Figure 2A and B). The corrected AUC values, obtained
by subtracting the average optimism from the apparent AUC of the CE-CT and radiomics models, were 0.690 and 0.805,
indicating relatively stable results. The diagnostic performance of the three models is presented in Table 3. Notable

WJGO | https://www.wjgnet.com 1300 April 15,2024 | Volume16 | Issue4d |

Jaishideng®



Yin XN ef al. CT radiogenomics predicts molecular subtypes of GIST

Table 2 The computed tomography features of gastrointestinal stromal tumor patients included in this study, n (%)

KIT exon 11 Without KIT exon KIT exon 11 mutation with  KIT exon 11 mutation without
Characteristics mutation (n= 11 mutation (n = value deletions involving codons  deletions involving codons value
192) 39) 557-558 (n = 56) 557-558 (n = 136)

Size (mm) 51 (11-224) 45 (10-201) 0.682 69 (31-224) 42,5 (11-188) <
0.010

Shape

Regular 66 (34.4) 7 (17.9) 0.044 5(8.9) 61 (44.9) <
0.010

Irregular 126 (65.6) 32(82.1) 51 (91.1) 75 (55.1)

Margin

Well-defined 168 (87.5) 23 (84.6) 0.625 44 (78.6) 124 (91.2) 0.016

Ill-defined 24 (12.5) 6 (15.4) 12 (21.4) 12 (8.8)

Growth pattern

Endophytic 64 (33.3) 6 (15.4) 0.083  12(21.4) 52 (38.2) 0.010

Exophytic 87 (45.3) 22 (56.4) 25 (44.6) 62 (45.6)

Mixed 41 (21.4) 11 (28.2) 19 (33.9) 22 (16.2)

Density

Hypodensity 175 (91.1) 34 (87.2) 0.647 50 (89.3) 125 (91.9) 0.750

Isodensity 15 (7.8) 4(10.3) 5(8.9) 10 (7.4)

Hyperdensity 2 (1.0) 1(2.6) 1(1.8) 1(0.7)

Pattern of enhancement

Homogeneous 48 (25.0) 5 (12.8) 0.099 5(8.9) 43 (31.6) 0.001

Heterogeneous 144 (75.0) 34 (87.2) 51 (91.1) 93 (68.4)

Degree of enhancement

Mild 71 (37.0) 11 (28.2) 0.018 20 (35.7) 51 (37.5) 0.063

Moderate 75 (39.1) 10 (25.6) 28 (50.0) 47 (34.6)

Marked 46 (24.0) 18 (46.2) 8 (14.3) 38 (27.9)

Necrosis 121 (63.0) 28 (71.8) 0.296 43 (76.8) 78 (57.4) 0.011

Gas 33 (17.2) 4(10.3) 0.282 14 (25.0) 19 (14.0) 0.066

Cystic change 6(3.1) 4(10.3) 0.046  0(0) 6 (4.4) 0.110

Calcification 23 (12.0) 2(5.1) 0.209 8 (14.3) 15 (11.0) 0.528

Superficial ulceration 55 (28.6) 10 (25.6) 0.704 19 (33.9) 36 (26.5) 0.299

Intra-tumoral vessel 86 (44.8) 14 (35.9) 0.307 34 (60.7) 52 (38.2) 0.004

Adjacent mesangial fat 40 (20.8) 9(23.1) 0.755 20 (35.7) 20 (14.7) 0.001

infiltration

Adjacent organ 29 (15.1) 7 (17.9) 0.655 14 (25.0) 15 (11.0) 0.014

invasion

Lymphadenopathy 14 (7.3) 3(7.7) 0.930 6 (10.7) 8(5.9) 0.242

Distant metastasis 4(21) 2 (5.1) 0276 3 (5.4) 1(0.7) 0.042

disparities were noted among all paired diagnostic metrics for the three models in both the training and validation
cohorts. The diagnostic accuracy of model was significantly higher than that of model;,, and modelc; g, + raa-
DCA demonstrated that modelc; g+ oa+ame Yielded the highest overall net benefit compared to model.,, or
modelcr g, 4 0q in predicting the KIT exon 11 mutation in the training cohort across a wide range of threshold probabilities
(Figure 2C). However, similar results were not observed in the validation set (Figure 2D).

CT sign + rad + clinic
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Table 3 Predictive performance of different model for KIT exon 11 mutation

Models Modelc; Modelcr g s Modelcr g cane

Cohort Training Validation Training Validation Training Validation
AUC 0.743 0.670 0.818 0.781 0.915 0.811
Accuracy 0.673 0.643 0.753 0.714 0.833 0.794
Sensitivity 0.815 0.672 0.667 0.690 0.938 0.830
Specificity 0.531 0.500 0.840 0.833 0.728 0.600

NPV 0.741 0.240 0.716 0.357 0.922 0.400

PPV 0.635 0.867 0.806 0.952 0.776 0.917

CT: Computed tomography; AUC: Area under the curve; NPV: Negative predictive value; PPV: Positive predictive value.

A o]
A
0.8 H
0.6 H
£
=
ﬂé
o]
Y04
0.2 4 —— CT sign AUC: 0.743
Rad + CT sign AUC: 0.818
—— Rad + CT sign + clinic AUC: 0.915
0.0 -
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity
1.0
0.8 +
&
2 0.6
o
ko)
s
T 0.4 4
N
© —— CT sign
3 Rad + CT sign
E 0.2 4 —— Rad + CTsign + clinic
n —— None
All
0.0 H \| T
0.2 -
I T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0

High risk threshold

B 1o

0.8

0.6

Sensitivity

0.4

0.2

0.0

—— CT sign AUC: 0.67
Rad + CT sign AUC: 0.781
—— Rad + CT sign + clinic AUC: 0.811

1.0

0.8 -

0.6

0.4

0.2

Standardized net benefit

0.0

-0.2 -

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity

- CT sign

Rad + CT sign
—— Rad + CT sign + clinic
—— None
All
I T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0

High risk threshold

Figure 2 The discrimination ability of the radiomics model and its decision curve analysis for prediction of KIT exon 11 mutation. A-D: The
discrimination ability of three models in the training data (A) and the validation cohort (B). The decision curve analysis for the radiomics models in the training data (C)
and the validation cohort (D). AUC: Area under the curve.
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For deletions in KIT exon 11 codons 557-558: One CT feature (shape), three radiomic features (wavelet HLH_
Ibp_3D_k_firstorder_TotalEnergy, original_firstorder_Energy, and original_girlm_RunVariance), and three clinic features
(Ki-67, mitoses, and tumor-size) were extracted to build three models: Model; ,,, modelq g, + e aNd Modeler gy 4 o + ctnice

In the modelcy g, + o0, the Radscore was calculated as (7.907) x rad + (4.535) x ctsign + (-3.937). In the modelcy g + rad + ciinic,
the Radscore was calculated as (5.898) x rad + (2.636) x ctsign + (3.599) x clinic + (-4.11). The training cohort exhibited
AUC values of 0.667, 0.842, and 0.872 for the three models, while the validation cohort showed AUC values of 0.61, 0.782,
and 0.795, respectively (Figure 3A and B). The corrected AUC values, obtained by subtracting the average optimism from
the apparent AUC of the CE-CT and radiomics models, were 0.773 and 0.751, indicating relatively stable results. The
diagnostic performance of the three models is presented in Table 4. Notable variances were identified among all paired
diagnostic metrics for the three models in both the training and validation cohorts. The diagnostic accuracy of
model was significantly higher than that of model,,, and model. ... DCA demonstrated that
modeler g + o+ aimie Produced the highest overall net benefit compared to model, , in predicting the deletions in KIT
exon 11 codons 557-558 in both the training and validation cohorts across the entire risk threshold range (Figure 3A and
B). However, DCA showed no significant differences between modelcr gy + rad + cinie ad modely o 4 g in both the training
and validation cohorts (Figure 3C and D).

CT sign + rad + clinic

DISCUSSION

Approximately 80% of GISTs harbor KIT mutations, while 5%-10% exhibit PDGFRA mutations. The presence and specific
type of KIT and PDGFRA mutations are associated with the prognosis and clinical response to targeted therapy in GISTs
[9,28]. Currently, mutation testing is typically performed on surgically resected tissue samples. However, some GIST
patients are unable to undergo surgical resection at the time of initial diagnosis. For these patients, fine-needle biopsy
samples provide adequate material for pathological examination but are insufficient for genetic analysis. Moreover,
genetic testing is not routinely conducted in all hospitals due to its high cost. Therefore, there is an urgent need to
establish a noninvasive, accurate, and cost-effective preoperative method for identifying the mutation status of GISTs.

CT is extensively employed in the detection, postoperative surveillance, and evaluation of treatment effectiveness in
GISTs. Recent studies have identified several CT features associated with the differential diagnosis and high-risk categor-
ization of GISTs, including tumor size, location, margin characteristics, hemorrhage, necrosis, heterogeneous
enhancement, and adjacent organ invasion[29-31]. However, these conventional CT features rely on subjective analysis
and the experience of radiologists, resulting in variability and lack of reproducibility. Radiomics, on the other hand,
enables the extraction of high-throughput quantitative features from medical images using specific data characterization
algorithms. This approach effectively reduces intra- and inter-observer variability. Importantly, radiomics has been
widely applied in tumor diagnosis, prognosis prediction, and gene mutation analysis[32-36].

Several prior studies have reported the satisfactory performance of CT-based radiomics in the diagnosis and prediction
of the malignant potential of GISTs[17,37-39]. Starmans et al[40] documented that the radiomics model achieved an AUC
of 0.77 in distinguishing GISTs from non-GISTs, yielding results comparable to those of radiologists but with reduced
observer dependence. Furthermore, radiomics studies in GISTs have primarily focused on predicting malignant potential
and prognosis. These investigations have demonstrated the robust predictive effect and generalizability of radiomics in
assessing the malignant potential of GISTs, thereby aiding clinicians in preoperative decision-making. However, there is a
paucity of radiomics studies pertaining to genotype prediction. Xu et al[41] were the first to attempt differentiation of
GISTs with and without KIT exon 11 mutations using CT texture analysis in a study cohort comprising 69 GISTs, with a
validation group of 17 GISTs. They identified that the textural parameter standard deviation independently predicted
GISTs without KIT exon 11 mutations, achieving AUC values of 0.726-0.750 in the study group and 0.904-0.962 in the
validation group. Nonetheless, the relatively small sample sizes in this study may have impacted the accuracy of the
findings. Starmans et al[40] also evaluated radiomics for predicting KIT mutational status in 123 patients with GISTs,
reporting AUC values of 0.52 for KIT and 0.56 for KIT exon 11 mutation. These findings did not support the predictive
value of the radiomics model in genetic features, likely due to study limitations. The remaining two studies both
demonstrated the effective differentiation of GISTs with KIT exon 11 mutations using radiomics based on CT images[20,
21]. However, the patient populations in these studies encompassed GISTs throughout the entire gastrointestinal tract,
including the stomach, intestine, and colorectum, potentially introducing certain biases. It is well-known that GISTs at
different sites exhibit distinct recurrence risks, with intestinal GISTs carrying a worse prognosis than gastric GISTs.
Furthermore, genotypes have been closely associated with specific tumor locations, with KIT exon 11 mutations being
most common in GISTs at all sites, while KIT exon 9 mutations are prevalent in intestinal GISTs, and PDGFRA exon 18
mutations are common in gastric GISTs[42].

Our study was derived from a large-scale imaging dataset and represents the first CT radiogenomics investigation
specifically focused on gastric GISTs. The results revealed that the diagnostic accuracy of modelcr g, + rad + cime fOr predicting
KIT exon 11 mutation was significantly higher than that of modelc,, and modelc; i, . ..o With AUC values of 0.915 in the
training cohort and 0.811 in the validation cohorts. The DCA curves demonstrated that modelc; g+ raq + aimic €xhibited
superior predictive effectiveness compared to modelc;,, and modelcr g, . oq in the training cohorts, highlighting the
clinical benefit of the combined model in distinguishing gastric GISTs with KIT exon 11 mutation.

Regarding deletions in KIT exon 11 codons 557-558 of gastric GISTs, the diagnostic accuracy of modelcr g, + ad + ciinic WS
statistically higher than that of model; ,, and modelc; g, + rad moder With AUC values of 0.872 in the training cohort and
0.795 in the validation cohorts. The clinical benefits analysis revealed that the combined model outperformed modelc,,,
and modelcy i, . in predicting the KIT exon 11 mutation. In the validation cohort, the sensitivity and specificity of
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Table 4 Predictive performance of different model for KIT exon 11 codons 557-558 deletions

Models Model; g, Modelc; ign+ raa Modelc; ign -+ rad + iinic

Cohort Training Validation Training Validation Training Validation
AUC 0.667 0.610 0.842 0.782 0.872 0.795
Accuracy 0.522 0.500 0.689 0.700 0.720 0.766
Sensitivity 0.949 0.824 0.974 0.824 0.923 0.667
Specificity 0.385 0.396 0.598 0.660 0.656 0.796

NPV 0.959 0.875 0.986 0.927 0.964 0.886

PPV 0.330 0.304 0.437 0.438 0.462 0.500

CT: Computed tomography; AUC: Area under the curve; NPV: Negative predictive value; PPV: Positive predictive value.
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Figure 3 The discrimination ability of the radiomics model and its decision curve analysis for prediction of KIT exon 11 codons 557-558
deletions. A-D: The discrimination ability of three models in the training data (A) and the validation cohort (B). The decision curve analysis for the radiomics models
in the training data (C) and the validation cohort (D). AUC: Area under the curve.

model

CT sign + rad + clinic

formance of model,

for predicting the KIT exon 11 mutation were 83.0% and 81.1%, respectively, surpassing the per-

CT sign

and modelc g, + .q- The clinical benefit of the combined model was further confirmed by the DCA

curves. These findings highlight the excellent predictive ability of modelcr g+ ra+ i fOT determining the KIT mutation
status of gastric GISTs, suggesting its potential value in guiding noninvasive clinical decision-making prior to surgery.
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However, it is important to acknowledge certain limitations in our study. Firstly, it was a retrospective study, and as
such, potential selection bias could not be completely eliminated. Secondly, despite the large sample size, this study was
conducted at a single center, and further validation through multicenter studies is warranted. Thirdly, due to the small
sample size, we did not subdivide GISTs without KIT exon 11 mutation, which is crucial for clinicians to differentiate
specific types of gene mutations before surgery, such as KIT exon 9 mutation and PDGFRA exon 18 mutation, as the
treatment response varies.

CONCLUSION

In conclusion, our study demonstrated that the radiomics model based on CE-CT images exhibited satisfactory
performance in distinguishing gastric GISTs with KIT exon 11 mutation and GISTs with KIT exon 11 codons 557-558
deletions. The combined modelcy g, + raq + cinic demonstrated the highest predictive value, offering a potentially valuable and
noninvasive approach to guide personalized treatment decisions prior to surgery.

ARTICLE HIGHLIGHTS

Research background

The assessment of KIT and PDGFRA mutations plays a vital role in establishing the pathological diagnosis of gastro-
intestinal stromal tumors (GISTs), predicting tumor prognosis, and guiding the administration of tyrosine kinase
inhibitor therapy. For patients who are ineligible for genetic analysis, possessing information regarding the mutational
status of GISTs is of paramount importance for the purpose of customizing personalized precision therapy.

Research motivation
Currently, tumor mutation status can only be obtained after surgical resection or conventional invasive biopsy, making
preoperative genotyping of GISTs more challenging.

Research objectives
To develop and validate a radiomic model to predict the genotypes of gastric GISTs using contrast-enhanced computed
tomography (CE-CT) images.

Research methods

The models for predicting GISTs with KIT exon 11 mutations or KIT exon 11 codons 557-558 deletions were constructed
using selected clinical features, conventional CT features, and radiomics features extracted from abdominal CE-CT
images. Three models were developed: Modelc; ;,,, modelcr g+ raq, aNd Modelcr 4 g + cimie- The diagnostic performance of
these models was evaluated using receiver operating characteristic (ROC) curve analysis and the Delong test.

Research results

The ROC analyses demonstrated the performance of different models in predicting KIT exon 11 mutation and KIT exon 11
codons 557-558 deletions. In the training cohort, the modelsc;,, modelcr g, . oo and Modeler g+ rod + aimie @chieved area
under the curve (AUC) values of 0.743, 0.818, and 0.915, respectively, for predicting KIT exon 11 mutation. In the
validation cohort, the corresponding AUC values were 0.670, 0.781, and 0.811. For predicting KIT exon 11 codons 557-558
deletions, the AUC values in the training cohort were 0.667, 0.842, and 0.72 for modelc; g, modelcy g, 4 raq, and
modelcr g+ o+ aimi TESPectively. In the validation cohort, the AUC values for the same models were 0.610, 0.782, and
0.795. Furthermore, the decision curve analysis confirmed the clinical significance and utility of the CT sign + rad + clinic
model.

Research conclusions
Our study demonstrated that the radiomics model based on CE-CT images exhibited satisfactory performance in distin-
guishing gastric GISTs with KIT exon 11 mutation and GISTs with KIT exon 11 codons 557-558 deletions.

Research perspectives
This study focuses specifically on gastric GISTs and aims to develop a prediction model for genotypes using CE-CT
images.
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