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Abstract

BACKGROUND

Neoadjuvant immunochemotherapy (nICT) has emerged as a popular treatment
approach for advanced gastric cancer (AGC) in clinical practice worldwide.
However, the response of AGC patients to nICT displays significant hetero-
geneity, and no existing radiomic model utilizes baseline computed tomography
to predict treatment outcomes.

AIM
To establish a radiomic model to predict the response of AGC patients to nICT.

METHODS

Patients with AGC who received nICT (n = 60) were randomly assigned to a
training cohort (n = 42) or a test cohort (n = 18). Various machine learning models
were developed using selected radiomic features and clinical risk factors to
predict the response of AGC patients to nICT. An individual radiomic nomogram
was established based on the chosen radiomic signature and clinical signature.
The performance of all the models was assessed through receiver operating
characteristic curve analysis, decision curve analysis (DCA) and the Hosmer-
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Lemeshow goodness-of-fit test.

RESULTS

The radiomic nomogram could accurately predict the response of AGC patients to nICT. In the test cohort, the area
under curve was 0.893, with a 95% confidence interval of 0.803-0.991. DCA indicated that the clinical application of
the radiomic nomogram yielded greater net benefit than alternative models.

CONCLUSION
A nomogram combining a radiomic signature and a clinical signature was designed to predict the efficacy of nICT
in patients with AGC. This tool can assist clinicians in treatment-related decision-making.

Key Words: Gastric cancer; Radiomics; Computed tomography; Neoadjuvant immunochemotherapy; Machine learning;
Immunology

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

Core Tip: We developed and validated a prediction model based on a radiomic signature and a clinical signature to assess the
tumor regression grade in advanced gastric cancer (AGC) patients receiving neoadjuvant immunochemotherapy (nICT). The
radiomic nomogram showed strong performance in predicting the tumor regression grade in both the training and internal
test cohorts. This study represents the first application of radiomics for predicting the nICT response in AGC patients.

Citation: Zhang J, Wang Q, Guo TH, Gao W, Yu YM, Wang RF, Yu HL, Chen JJ, Sun LL, Zhang BY, Wang HJ. Computed
tomography-based radiomic model for the prediction of neoadjuvant immunochemotherapy response in patients with advanced gastric
cancer. World J Gastrointest Oncol 2024; 16(10): 4115-4128
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INTRODUCTION

Gastric cancer (GC) had the fifth highest global incidence and mortality rate in 2022[1]. Significant advancements have
been achieved in the current diagnostic and therapeutic tools for GC, and of these, surgery remains the primary curative
treatment option[2]. Several clinical trials have focused on improving the prognosis of advanced GC (AGC) patients and
have verified that neoadjuvant therapy for patients with locally AGC can decrease tumor size, increase the likelihood of
achieving RO resection, and decrease the chances of postoperative recurrence. These findings suggest that neoadjuvant
therapy combined with surgery can lead to improved outcomes for patients compared with surgery alone[3,4].
Furthermore, advancements in medicine have led to the increasing approval of immunotherapy in clinical settings, which
has significantly altered the landscape of tumor treatment[5]. Immunotherapy has also had exciting success in the
treatment of GC, and several studies have demonstrated that the combination of a programmed death (PD)-1 inhibitor
with chemotherapy significantly improves progression-free survival (PFS) and overall survival (OS) in patients with a
programmed cell death 1 ligand 1 (PD-L1) combined positive score (CPS) > 5[6,7]. Two KEYNOTE trials have demon-
strated the effectiveness of immune checkpoint inhibitors (ICIs) in patients diagnosed with metastatic GC[8,9]. Immuno-
therapy is now widely acknowledged as the preferred first-line treatment for AGC worldwide. However, the potential
benefits of immunotherapy in the initial stages of GC treatment, specifically in the neoadjuvant phase, are currently
under scrutiny. Clinical trials, such as NCT04354662, NCT04119622, and NCT04694183, have explored the combination of
immunotherapy with chemotherapy as a neoadjuvant therapy for GC. A meta-analysis of five articles involving 206
patients indicated that neoadjuvant immunochemotherapy (nICT) shows promise as a recommended treatment strategy
for AGC patients. Compared with neoadjuvant chemotherapy, nICT results in higher rates of pathological complete
response (pCR), major pathologic response (MPR), and RO resection[10].

Computed tomography (CT) has become a standard tool in clinical practice, but traditional measurements and criteria
such as RECIST and iRECIST are inadequate for predicting the response to ICIs and hinder the progress of precision
medicine[11]. Radiomics provides a valuable method for extracting detailed data from CT images to capture textural
features that may not have been clinically observable in the past[12]. The process of radiomics involves several key steps,
and the choice of methodology at each stage plays a crucial role in determining the quality of the final model[13].
Significant advancements have been made in radiomics research within the realms of clinical cancer diagnosis, treatment,
and assessment. For example, radiomic features have been utilized to predict therapeutic response in patients with lung
cancer[14], predict the recurrence of hepatocellular carcinoma[15], and predict survival in patients with esophageal cancer
receiving definitive chemoradiotherapy[16].

Radiomics has been extensively utilized in the field of GC to predict the response to various treatments, including
neoadjuvant chemotherapy, ICI therapy, and palliative chemotherapy, with area under the curve (AUC) values ranging
from 0.74 to 0.82[17-20]. However, the prognostic significance of radiomic features in GC patients receiving nICT remains
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to be investigated. Therefore, this study sought to develop a radiomic model specifically to predict the response of AGC
patients to nICT.

MATERIALS AND METHODS

Patient screening and study design

This study was approved by the Institutional Review Committee of the Affiliated Hospital of Qingdao University.
Written informed consent was waived because of the retrospective nature of the study. Data from patients with AGC who
received nICT between 2020 and 2023 at the Affiliated Hospital of Qingdao University, China, were collected. The
inclusion criteria were as follows: (1) Histologically confirmed gastric adenocarcinoma; (2) Treatment with at least 2
cycles of nICT; (3) Available data on baseline enhanced abdominal CT scans performed < 30 days before nICT treatment;
(4) Radical surgery performed within 1 month after the end of nICT treatment; and (5) Complete postoperative
pathological data. The exclusion criteria were as follows: (1) Lesions that could not be clearly displayed on CT images or
metastatic lesions that could not be measured or evaluated; (2) The presence of other primary tumors; (3) No surgery after
neoadjuvant therapy and incomplete pathological data; and (4) Presence of distant metastases. Of the 96 patients initially
included, 15 lacked baseline CT images, 9 received fewer than 2 cycles of nICT, and 12 of the remaining 72 patients
ultimately failed to undergo standard radical surgery. A flowchart of patient enrollment is shown in Figure 1. Finally, 60
patients were included. The following clinicopathological data were collected: Age, sex, treatment regimen, number of
nlCT cycles, degree of differentiation, carcinoembryonic antigen (CEA), carbohydrate antigen199 (CA199), clinical T (cT)
stage, clinical N (cN) stage and PD-L1 status. Patients with a PD-L1 CPS 2 5 were classified as PD-L1-positive.

In all, 60 patients were assigned to two datasets (42 patients in the training dataset and 18 patients in the validation
dataset) via computer-generated random numbers at a ratio of 7:3. All patients received nICT treatment. All patients
received chemotherapy regimens recommended by the National Comprehensive Cancer Network or the American
Society of Clinical Oncology for neoadjuvant chemotherapy in AGC. For immunotherapy regimens, 15 patients received
serplulimab, 22 patients received camrelizumab, 11 patients received sintilimab, 9 patients received nivolumab, 2 patients
received tislelizumab, and 1 patient received toripalimab. All patients underwent radical surgery within one month after
the last cycle of nICT.

CT examination

Contrast-enhanced abdominal CT scans were performed with a six-hour fasting protocol in all patients. All CT exami-
nations were performed on a 64-detector row scanner using the GE MEDICAL SYSTEMS Optima CT620/670 or the
Siemens SOMATOM definition flash. The CT scan parameters included 120 kVp as the tube energy and 5 mm as the slice
thickness. Patients were scanned in the supine position, and the area from the diaphragmatic dome to 2 cm below the
lower margin of the symphysis pubis was covered. A total of 1.5 mL/kg of nonionic contrast material (iohexol 300 mg/
mL, Omnipaque, GE Healthcare) was administered at a rate of 3.5 mL/s through the antecubital vein via a high-pressure
injector. The arterial and venous phases were scanned at 40 s and 70 s, respectively, after contrast media injection.

Evaluation of treatment efficacy

Patient treatment response was evaluated according to the tumor regression grade (TRG), as described in the 8" edition of
the American joint committee on cancer. TRG grade 0 was defined as no remaining cancer cells (complete regression),
and TRG grade 1 was defined as the observation of only single cancer cells or clusters of cancer cells (almost complete
regression). According to the postoperative pathology report, patients with TRG grades 0-1 were classified as responders
(n = 15), while patients with TRG grades 2-3 were classified as nonresponders (n = 45)[21]. Histopathological findings
were assessed by a pathologist with at least 10 years of experience in diagnosing gastric disease.

Radiomic prediction model

Image analysis and segmentation: The tumor lesion was more clearly visible and distinguishable from the normal
peripheral tissue in the portal venous phase, which has been commonly utilized for tumor segmentation in previous
studies[22,23]. Two experienced gastrointestinal radiologists, Yu HL with 20 years of experience and Chen JJ with 10
years of experience, independently analyzed the baseline CT scans in the venous phase. Both radiologists were blinded to
the clinical and histopathological information but were aware of the anatomical location of the GC. Intratumoral regions
of interest (ROIs) were manually contoured on venous phase images of the gastric lesions in the axial plane via ITK-SNAP
software (v.3.8.0, http:/ /www.itksnap.org). The primary tumor region was manually delineated and defined as the ROI.
Radiologists 1 (Yu YM, with 20 years of experience) and 2 (Chen JJ, with 10 years of experience) delineated the ROIs for
all 60 AGC patients, and any differences were resolved by consensus. To ensure reproducibility, we randomly selected 15
patients and had the two radiologists mentioned above redraw their ROIs one month later for feature extraction. The
results were analyzed to detect any intra observer differences that could impact radiomic feature reproducibility.

Radiomic feature extraction and selection: Radiomic features were extracted via the PyRadiomics package (version
3.0.1). The reproducibility and robustness of the extracted radiomic features were evaluated using intraclass and
interclass correlation coefficients (ICCs). Only radiomic features with an ICC value of 0.8 or higher were considered stable
and retained for further analysis. The CT images and ROIs were resampled and standardized via RIAS software (version
0.2.1)[24].
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Patients with locally AGC receiving neoadjuvant
immunotherapy at the Affiliated Hospital of Qingdao
University, Qingdao, China, 2021-2023 (n = 96)

Lack of baseline CT images (n = 15)
—>
Less than 2 cycle nICT treatment (77 = 9)

A4

Pre-treatment CT images available (7= 72)

—> Lack of follow-up surgery (n = 12)

A4

Patients ultimately enrolled in this study (77 = 60)

v \

Training cohort (17 = 42) Validation cohort (7 = 18)

Figure 1 A flow chart of patient enroliment. AGC: Advanced gastric cancer; CT: Computed tomography; nICT: Neoadjuvant immunochemotherapy.

In all, 1834 radiomic features were selected and categorized into first-order, shape, texture, and wavelet features.
Features with a significance level of P < 0.05 were initially identified by an independent samples ¢ test. Subsequently,
features that displayed a high level of correlation (P > 0.9) were removed. To standardize the radiomic feature data in
both the training and test cohorts, Z score normalization was applied. In the training cohort, the least absolute shrinkage
and selection operator (LASSO) regression technique was employed for feature selection and the construction of a
radiomic signature (rad-signature). A 5-fold cross-validation approach was used to determine the regularization
parameter A.

Radiomic signature establishment: Multiple machine learning radiomic models, including logistic regression (LR), K-
nearest neighbor (KNN) classification, random forest (RF), extra trees, eXtreme gradient boosting (XGBoost), multilayer
perceptron (MLP) and support vector machine (SVM) models, were built according to the selected radiomic features.
Finally, the radiomic signature and a formula were developed; the signature score was calculated as the sum of the values
of the selected features multiplied by their respective coefficients. The prognostic value of the radiomic signature in
patients with AGC treated with nICT was assessed according to the receiver operating characteristic (ROC) curve.
Decision curves were employed to evaluate the model predictions and to determine the net benefit of an intervention
based on the model outcomes.

Clinical signature establishment

Baseline clinical data, including age, sex, treatment regimen, number of nICT cycles, degree of differentiation, PD-L1
status, CEA level, CA199 level, cT stage and cN stage, were extracted from the hospital’s medical records. According to
the eighth tumor node metastasis staging criteria, T indicates the extent of the primary tumor, whereas N represents the
existence and extent of regional lymph node metastasis. To investigate factors that contribute to the nICT response, we
compared clinical risk factors (age, sex, primary tumor location) and molecular biomarkers (PD-L1, CEA, CA199)
between responders (1 = 15) and nonresponders (1 = 45) (Table 1). Our findings suggest that pretreatment cN stage and
pretreatment cT stage are significant clinical risk factors (P < 0.05) that influence the nICT response (Table 1). However,
previous studies have shown that PD-L1 expression, cT stage, cN stage, tumor differentiation, and tumor location may be
correlated with the immunotherapy response in patients with GC[25-27]. Multiple machine learning clinical models,
including the LR, KNN classification, RF, extra trees, XGBoost, MLP and SVM models, were subsequently constructed on
the basis of the clinical features mentioned above. Finally, the clinical signature and a formula were developed. These
models were also evaluated via ROC curves and decision curves.

Nomogram construction and validation
A nomogram that combines the rad-signature and the clinical signature was constructed. The discrimination performance
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Table 1 Comparison of clinical characteristics between responders and non-responders, n (%)

Characteristics Responders (n = 15) Non-responders (n = 45) P value
Age (years), average (mean * SD) 57.53 (12.710) 58.64 (11.682) 0.756
Sex 0.856
Male 12 (80.0) 35 (77.8)

Female 3 (20.0) 10 (22.2)

Treatment cycles 0.579
2 2(13.3) 8 (17.8)

3 9 (60.0) 20 (44.4)

4+ 4(267) 17 (37.8)

Differentiation 0.526
High 1(6.7) 1(22)

Moderate 5(33.3) 11 (24.4)

Poor 9 (60.0) 33 (73.3)

Primary tumor location 0.977
Cardia 3 (20.0) 8(17.8)

Body 6 (40.0) 16 (35.6)

Antrum 4(26.7) 14 (31.1)

Horn 2(13.3) 7 (15.6)

PD-L1(22C3) CPS 0.237
>5 10 (66.7) 26 (57.8)

<5 5 (33.3) 19 (42.2)

CEA, median (IQR) 2.84 (0.93-17.84) 415 (1.75-9.52) 0.706
CA199, median (IQR) 9.08 (3.85-28.89) 16.23 (8.37-37.61) 0.264
T stage 0.004
1 4(26.7) 0(0)

2 1(6.7) 4(8.9)

3 3 (20.0) 18 (40.0)

4 7 (46.7) 23 (51.1)

N stage 0.044
0 0(0) 122

1 11 (73.3) 18 (40.0)

2 4(26.7) 18 (40.0)

3 0(0) 8 (17.8)

The P value indicates a statistically significant difference between the responder and non-responder groups (P < 0.05). Responders: Patients with tumor
regression grade 0-1 grade; Non-responders: Patients with tumor regression grade 2-3 grade; IQR: Interquartile range; CEA: Carcinoembryonic antigen;
CA199: Carbohydrate antigen 19-9; PD-L1: Programmed death-ligand 1; CPS: Combined positive score.

of the nomogram was assessed via ROC curves in both the training and test cohorts. Decision curves were employed to
evaluate the nomogram predictions and to determine the net benefit of an intervention based on the nomogram
outcomes. The Hosmer-Lemeshow goodness-of-fit test was used to evaluate the calibration ability of the nomogram.

Statistical analysis

All the statistical tests were performed via Python 3.7 and R software (version 4.3.0). Independent ¢ tests were used for
continuous variables, whereas y? tests were used for categorical variables. The LASSO regression model was assessed
using the “Glmnet” package, followed by the generation of ROC curves and decision curves using the “Proc” and “Dca”.
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R software packages, respectively. The predictive performance of the model was evaluated according to the AUC, which
serves as an indicator of predictive accuracy. Decision curves were employed to evaluate the model predictions and to
determine the net benefit of an intervention based on the model outcomes. The Hosmer-Lemeshow goodness-of-fit test
was used to evaluate the calibration ability of the nomogram. A significance level of P < 0.05 was considered statistically
significant for all analyses, and two-sided tests were conducted. The Check list for the evaluation of radiomics research
[28] is provided in Supplementary Figure 1.

RESULTS

Patient characteristics

The characteristics of the GC patients are shown in Table 2; the patients were randomly divided into a training cohort (n =
42, mean age: 58.26 + 11.847 years) comprising 33 males and 9 females and a test cohort (1 = 18, mean age 58.61 + 12.186
years) comprising 14 males and 4 females. No statistically significant differences were observed in clinical features such
as age, sex, tumor location, CEA level, CA-199 level, treatment period, cT stage or cN stage between the training and test
cohorts (P > 0.05).

Radiomic signature

The workflow for selecting radiomic features is depicted in Figure 2. The primary tumor region was manually delineated
and defined as the ROI. Following the extraction of essential radiomic features and the exclusion of those with ICCs less
than 0.8, 1834 radiomic features were utilized for subsequent analyses. The independent samples ¢ test identified 199
features with P < 0.05, 76 of which had a P < 0.9. The P values were subjected to adjustment for multiple comparisons
with the false discovery rate algorithm. LASSO regression was performed for these 76 features, and the 19 most
meaningful features were identified (Figure 3). Multiple machine learning models, including the LR, KNN, RF, extra
trees, XGBoost, MLP and SVM models, were constructed on the basis of the selected radiomic features to predict the
response of AGC patients to nICT. In the training set, the AUC values of the LR, SVM, KNN, RF, extra trees, XGBoost and
MLP methods were 1.000, 1.000, 0.897, 1.000, 1.000, 1.000 and 0.952, respectively. In the test set, the AUC values of the LR,
SVM, KNN, RF, extra trees, XGBoost and MLP methods were 0.786, 0.750, 0.821, 0.679, 0.616, 0.75 and 0.768, respectively.
Although the LR, KNN and MLP models performed well in terms of AUC values, they did not perform as well as the
XGBoost model in terms of negative predictive value and positive predictive value. When the results of accuracy, AUC,
sensitivity and specificity were combined, we concluded that the XGBoost model had the best performance. The XGBoost
model achieved an AUC of 1.000 [95% confidence interval (CI): 1.000-1.000] in the training set and 0.750 (95%CI: 0.435-
1.000) in the test set. The ROC curves for the XGBoost model are illustrated in Figure 4A and B, with additional
comparison results provided in Table 3. The XGBoost model was selected for computing the rad-signature score for each
patient, with the rad-signature formulas detailed in Supplementary Figure 2.

Clinical signature

To explore the clinical risk factors that affect treatment response, we compared the clinical characteristics of responders
and non-responders. Our findings suggest that pretreatment cN stage and pretreatment cT stage are significant clinical
risk factors (P < 0.05) that influence the nICT response (Table 1). However, previous studies have shown that PD-L1
expression, cT stage, cN stage, tumor differentiation, and tumor location may be correlated with the immunotherapy
response in patients with GC[25-27]. Therefore, we developed clinical models based on major clinical risk factors,
including PD-L1 expression, cT stage, cN stage, tumor differentiation, and tumor location, via the machine learning
methods mentioned above. In the training set, the AUC values of the LR, SVM, KNN, RF, extra trees, XGBoost and MLP
methods were 0.837, 0.151, 0.787, 0.993, 0.999, 0.937 and 0.820, respectively. In the test set, the AUC values of the LR, SVM,
KNN, RF, extra trees, XGBoost and MLP methods were 0.482, 0.571, 0.607, 0.688, 0.589, 0.696 and 0.429, respectively.
Additional comparison results can be found in Table 4. When the results of accuracy, AUC, sensitivity and specificity
were combined, we concluded that the XGBoost model had the best performance. The XGBoost model was subsequently
selected for determining the clinical signature score for each individual patient (Figure 4C and D).

Nomogram construction and validation

We established a nomogram according to the clinical signature and rad-signature (Figure 5). In the training set, the AUC
of the nomogram was 1.000 (95%CI: 1.000-1.000), while in the test set, the AUC was 0.893 (95%ClI: 0.803-0.991). The AUCs
of the clinical signature alone were 0.937 (95%CI: 0.868-1.000) and 0.696 (95%CI: 0.440-0.953) in the training set and test
set, respectively (Figure 6). The AUC of the nomogram was greater than the AUC values of the clinical signature and rad-
signature. The Hosmer-Lemeshow goodness-of-fit test was used to evaluate the calibration ability of the nomogram. The
Hosmer-Lemeshow P value was 0.9 > 0.05 in the training set and P = 0.17 > 0.05 in the test set, which indicates that the
difference between the predicted value of the nomogram and the actual observed value was not statistically significant
and that the nomogram had good calibration ability. Decision curve analysis revealed that the nomogram had a greater
net benefit rate than did the rad-signature or clinical signature (Figure 7).
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Table 2 Baseline characteristics of enrolled advanced gastric cancer patients in the training cohort and test cohorts, n (%)

Characteristics Total (n = 60) Training (n = 42) Test (n=18) Pvalue
Age (years), average (mean * SD) 58.37 (11.846) 58.26 (11.847) 58.6 (12.186) 0.918
Sex 0.945
Male 47 (78.3) 33 (78.6) 14 (77.8)

Female 13 (21.7) 9(21.4) 4(222)

Treatment cycles 0.201
2 10 (16.7) 5(11.9) 5(27.8)

3 29 (48.3) 23 (54.8) 6(33.3)

4+ 21 (35) 14 (33.3) 7 (38.9)

Differentiation 0.642
High 2(3.3) 2(4.8) 0(0.0)

Moderate 16 (26.7) 11 (26.2) 5 (27.8)

Poor 42 (70) 29 (69.0) 13 (72.2)

Primary tumor location 0.467
Cardia 11 (18.3) 9 (21.4) 2 (11.1)

Body 22 (36.7) 13 (31.0) 9 (50.0)

Antrum 18 (30.0) 14 (33.3) 4(222)

Horn 9 (15.0) 6 (14.3) 3 (16.7)

PD-L1(22C3) CPS 0.767
25 36 (60.0) 24 (57.1) 12 (66.7)

<5 24 (40.0) 18 (42.9) 6 (33.3)

CEA, median (IQR) 3.54 (1.41-11.09) 3.51 (1.49-11.74) 4.75 (2.10-7.89) 0.959
CA199, median (IQR) 14.63 (7.36-33.39) 16.37 (7.59-36.25) 11.13 (4.92-26.16) 0.948
T stage 0.456
1 4(6.7) 4(9.5) 0(0)

2 5(8.3) 4(9.5) 1(5.6)

3 21 (35.0) 13 (30.9) 8 (44.4)

4 30 (50.0) 21 (50.0) 9 (50.0)

N stage 0.344
0 1(1.7) 0(0) 1(5.6)

1 29 (48.3) 22 (52.4) 7 (38.9)

2 22 (36.7) 14 (33.3) 8 (44.4)

3 8 (13.3) 6 (14.3) 2 (11.1)

The P value indicates a statistically significant difference between the responder and non-responder groups (P < 0.05). Responders: Patients with tumor
regression grade 0-1 grade; Non-responders: Patients with tumor regression grade 2-3 grade; IQR: Interquartile range; CEA: Carcinoembryonic antigen;
CA199: Carbohydrate antigen 19-9; PD-L1: Programmed death-ligand 1; CPS: Combined positive score.

DISCUSSION

In this study, we developed and validated a prediction nomogram based on a rad-signature and a clinical signature to
assess the TRG in AGC patients receiving nICT. The nomogram showed strong performance in predicting the TRG in
both the training (AUC = 1.000) and internal test (AUC = 0.893) cohorts. This study represents the first application of
radiomics for predicting the nICT response in AGC patients.

Theoretically, the neoadjuvant tumor microenvironment is the ideal situation for immunotherapy because of an intact
immune system, adequate neoantigen, and low tumor cloning rates. Studies based on neoadjuvant chemotherapy in
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Table 3 Comparison of radiomic models based on various machine learning methods

Radiomic model Accuracy AUC 95%Cl Sensitivity Specificity PPV NPV
LR Train 0.976 1 1.0000-1.0000  0.909 1 1 0.969
Test 0.778 0.786 0.4783-1.0000 0.5 0.857 05 0.857
SVM Train 0.976 1 1.0000-1.0000  0.909 1 1 0.969
Test 0.722 0.75 0.4478-1.0000 0.5 0.786 0.4 0.846
KNN Train 0.81 0.897 0.8034-0.9913  0.545 0.903 0.667 0.848
Test 0.778 0.821 0.6369-1.0000 0.5 0.857 05 0.857
RF Train 0.976 1 1.0000-1.0000  0.909 1 1 0.969
Test 0.833 0.679 0.2120-1.0000  0.25 1 1 0.824
Extra trees Train 0.976 1 1.0000-1.0000  0.909 1 1 0.969
Test 0.722 0.616 0.2080-1.0000  0.25 0.857 0333 038
XGBoost Train 0.976 1 1.0000-1.0000  0.909 1 1 0.969
Test 0.833 0.75 0.4352-1.0000  0.25 1 1 0.824
MLP Train 0.952 0.997 0.9889-1.0000  0.909 0.968 0.909 0.968
Test 0.722 0.768 0.4914-1.0000 0.5 0.786 04 0.846

NPV: Negative predictive value; PPV: Positive predictive value; CI: Confidence interval; AUC: Area under the curve; LR: Logistic regression; KNN: K-
nearest neighbor classification; RF: Random forest; XGBoost: EXtreme gradient boosting; MLP: Multilayer perceptron; SVM: Support vector machine.

Table 4 Comparison of clinical models based on various machine learning methods

Clinical model Accuracy AUC 95%Cl Sensitivity Specificity PPV NPV
LR Train 0.81 0.837 0.6807-0.9938  0.636 0.871 0.636 0.871
Test 0278 0.482 0.1362-0.8281  0.75 0143 02 0.667
SVM Train 0.238 0.151 0.0000-0.3234  0.909 0 0.244 0
Test 0.444 0571 0.2439-0.8990  0.75 0.357 0.25 0.833
KNN Train 0.786 0.787 0.6543-0.9205  0.182 1 1 0.775
Test 0.722 0.607 0.3612-0.8531  0.25 0.857 0.333 0.8
RF Train 0.929 0.993 0.9763-1.0000  0.818 0.968 09 0.937
Test 0.556 0.688 0.4253-0.9497  0.75 05 0.3 0.875
Extra trees Train 0976 0.999 0.9945-1.0000  0.909 1 1 0.969
Test 0.611 0.589 0.2299-0.9487 05 0.643 0.286 0.818
XGBoost Train 0.857 0.937 0.8683-1.0000  0.818 0.871 0.692 0.931
Test 0.667 0.696 0.4403-09526 05 0.714 0333 0.833
MLP Train 0.833 0.82 0.6535-0.9858  0.727 0.871 0.667 0.9
Test 0.722 0.429 0.0520-0.8052 0 0.929 0 0.765

NPV: Negative predictive value; PPV: Positive predictive value; CI: Confidence interval; AUC: Area under the curve; LR: Logistic regression; KNN: K-
nearest neighbor classification; RF: Random forest; XGBoost: EXtreme gradient boosting; MLP: Multilayer perceptron; SVM: Support vector machine.

combination with ICI therapy have been successful in treating resectable non-small cell lung cancer[29]. In the CheckMate
649 trial, compared with chemotherapy alone, nivolumab combined with chemotherapy significantly improved OS and
PFS in patients with metastatic gastric and gastroesophageal junction cancers. This combination was recommended as a
first-line treatment for patients in the PD-L1 = 5 subgroup[6]. The NEONIPIGA study revealed that neoadjuvant therapy
with ravulizumab and ipilimumab is feasible and results in a high pCR rate in patients with resectable adenocarcinoma of
the gastroesophageal junction who have mismatch repair-deficient or microsatellite instability-high tumors[30]. A recent
phase II single-arm clinical trial revealed that neoadjuvant chemotherapy with tislelizumab in combination with the S-1
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Figure 2 A flow chart of the radiomic analysis. According to the computed tomography images, important imaging features were screened and combined
with important clinical risk factors to generate a radiomic nomogram. The performance and clinical utility of the radiomic model in predicting the response of patients
with advanced gastric cancer to neoadjuvant immunochemotherapy were evaluated through receiver operating characteristic curve analysis and decision curve
analysis. LR: Logistic regression; KNN: K-nearest neighbor classification; RF: Random forest; XGBoost: EXtreme gradient boosting; MLP: Multilayer perceptron;
SVM: Support vector machine; MSE: Mean squared error; TPR: True positive rate; FPR: False positive rate; DCA: Decision curve analysis.
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Figure 3 Least absolute shrinkage and selection operator regression was used to screen for radiomic features. MSE: Mean squared error.

combined with oxaliplatin regimen has promising application in gastric and gastroesophageal junction cancers, with pCR
and MPR rates reaching 25% and 53.1%, respectively[31]. Moreover, a recent study showed that for locally AGC, nICT
can lead to higher gastric resection rates and better tumor regression than chemotherapy alone[32].

Clinically, nICT has been universally applied in the treatment of AGC. Nevertheless, the efficiency of nICT is widely
divergent, and the long-term survival of patients who benefit from nICT is extraordinarily superior to that of patients
who do not benefit[33]. The lack of reliable and effective methods for predicting sensitivity to nICT hinders the
development of therapeutic strategies. If a patient is insensitive to nICT, ineffective and unnecessary treatments may be
continued, whereas if the patient misses the opportunity for radical resection due to disease progression during nICT,
admission to the hospital and cost are wasted. Therefore, the establishment of an effective prediction model that can
predict sensitivity to nICT before nICT is administered is highly important for AGC patients. RECIST 1.1 is the current
standard used to evaluate the curative effect of nICT in patients with GC. However, although RECIST 1.1 is the standard,
it is based on the calculation of the percentage of tumor regression, which is limited to retrospective assessments[34]. An
early response in the evaluation of the treatment effect of nICT is preferable in the determination of nICT-related
treatments. This not only helps to predict the prognosis of patients with early nICT but also reduces nICT-induced
toxicity. Consequently, patients can benefit from a reduced presentation to the hospital and treatment costs.

gﬁ;@ WJGO | https://www.wjgnet.com 4123 October 15,2024 | Volume16 | Issuel0 |



Zhang ] et al. Nomogram predicts nICT-response in AGC patients

A XGBoost-training cohort XGBoost-test cohort
1.0 = 1.0 4 =
0.8 - 47 0.8 1
2 0.6 - 2 0.6 -
£ ‘ £ .
= ’ = .
0.4 1 8 0.4 1
0.2- o 0.2 e
XGBoost ’ XGBoost
AUC: 1.000 AUC: 0.750
. CI: 1.000-1.000 ’, CI: 0.435-1.000
0.0 T T T T 0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity (FPR) 1-Specificity (FPR)
C XGBoost-training cohort XGBoost-test cohort
1.0 4 = 1.0 4 =
0.8 1 o 0.8 1 <
2 0.6 - 0.6 - g
E . E
= . =
0.4 1 0.4 1
0.2 - o7 021
z XGBoost y XGBoost
.7 AUC: 0.937 .’ AUC: 0.696
d CI: 0.868-1.000 .’ CI: 0.440-0.953
0.0 T T T T 0.0 T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity (FPR) 1-Specificity (FPR)

Figure 4 Receiver operating characteristic curve analysis of the radiomic model and the clinical model. A: The area under the curve (AUC) of
the radiomic model was 1.000 [95% confidence interval (Cl): 1.000-1.000] in the training cohort; B: The AUC of the radiomic model was 0.750 (95%Cl: 0.435-1.000)
in the test cohort; C: The AUC of the clinical model was 0.937 (95%Cl: 0.868-1.000) in the training cohort; D: The AUC of the clinical model was 0.696 (95%CI: 0.440-
0.953) in the test cohort. XGBoost: EXtreme gradient boosting; TPR: True positive rate; FPR: False positive rate.

Radiomics involves the conversion of medical images into extractable data through high-throughput extraction of
quantitative features based on shape, size, volume, and other relevant factors. This approach has been demonstrated to be
valuable in the examination of various pathological conditions[35,36]. Radiomic features distinguish themselves from the
conventional semantic features identified by radiologists because of their capacity to provide more detailed information
on tumors in a more objective manner[36].

We developed a rad-signature based on 19 radiomic features, which included 14 texture features and 5 histogram
features. Among the texture features were complexity, busyness, gray level emphasis, short run emphasis, small area
emphasis, gray level nonuniformity normalized, difference variance, and joint energy, all of which describe the spatial
relationships of adjacent pixels[37]. These features are crucial in considering the pixels and shapes within the ROI.
Additionally, the histogram features included kurtosis, mean, 90" percentile, mean absolute deviation, and minimum,
which highlight the distribution pattern of gray-level pixel values within the ROI[37]. The rad-signature demonstrated
accurate prediction of the nICT response, as indicated by the AUC values in both the training and test sets. Combining
the rad-signature with the clinical signature resulted in improved efficacy. By integrating these radiomic features, we
were able to better understand and predict the response to treatment.

For clinical factors, our study suggested that cN stage and cT stage may be independent predictors of nICT response, as
corroborated by previous studies[38]. However, previous studies have also indicated that PD-L1 expression, differen-
tiation and tumor location are important predictors of immunotherapy efficacy in patients with GC[25-27], which was not
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Figure 5 Radiomic nomogram for predicting the response of patients with advanced gastric cancer to neoadjuvant immunoche-
motherapy based on the radiomic signature and clinical signature. Different values for each variable correspond to a point at the top of the graph, and

the sum of points for all variables corresponds to the total point. The line from the total point to the bottom is the probability of response. Response, TRG 0-1;
Clinic_Sig, clinical signature; Rad_Sig, radiomic signature.
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Figure 6 Operating characteristic curve analysis of the nomogram. A: Area under the curve (AUC) of 1.000 [95% confidence interval (CI): 1.000-1.000]
in the training cohort of the nomogram; B: AUC of 0.893 (95%Cl: 0.803-0.991) in the test cohort of the nomogram. The operating characteristic curves revealed that
the AUCs of the nomogram were superior to those of both the radiomic signature and the clinical signature. AUC: Area under the curve; XGBoost: EXtreme gradient
boosting; TPR: True positive rate; FPR: False positive rate.

demonstrated in our study. We believe that our sample size limitation may have contributed to this difference. Since the
number of predictors selected after the univariate analysis was small and these features alone may not adequately capture
the clinical status of patients or have significant clinical applicability, we included all five clinical factors in the clinical
signature. The AUC values of our clinical signature were 0.937 and 0.696 in the training and testing cohorts, respectively,
which indicates good efficacy. The optimal predictive performance was achieved when both clinical and CT radiomic
features were included in the machine learning model, which can provide guidance for the subsequent treatment of
patients.

Radiological features, which are driven by the underlying pathophysiology, can be effectively analyzed quantitatively
to reveal subtle relationships between the two. Numerous studies have been conducted in recent years in which
radiomics has been applied to investigate the mechanisms of the tumor response to therapy. For example, Sun et al[39]
developed a radiomic signature associated with CD8 + T cells, which demonstrated a significant correlation with the
clinical response and outcomes of patients receiving anti-PD1 immunotherapy. Jiang et al[40] evaluated the GC tumor
microenvironment and predicted treatment response by combining radiomic features with immunohistochemistry
features, and they reported that tumors with high immune cell infiltration exhibited a good response to immunotherapy.
Unfortunately, we did not explore this aspect further in this study.
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Figure 7 Decision curves were generated to compare the differences in the net benefit of the various models. A: Decision curves in the training
cohort; B: Decision curves in the test cohort. The X-axis indicates the threshold probability, and the Y-axis indicates the net benefit. The decision curve revealed that
when the threshold probability exceeded 10%, the net benefit of the clinical application of the nomogram exceeded that of the other models in the test cohort.
XGBoost: EXtreme gradient boosting; DCA: Decision curve analysis.

This study has several limitations: (1) It is a single-center retrospective study with a limited sample size (n = 60),
therefore, the generalizability of the results is limited, and further validation is needed in a multicenter prospective cohort
study; (2) Potential bias may be introduced by the use of different nICT regimens, thus, the sample size should be
increased and stratified for analysis; and (3) The delineation of the ROI is subjective, which may have led to potential bias
in the results, the establishment of an automatic or semiautomatic image analysis method is recommended to improve
accuracy in future studies.

CONCLUSION

In this study, we developed and validated a CT-based nomogram for predicting the treatment response of patients with
AGC to nICT. Our findings suggest that this nomogram holds promise as a tool for evaluating prognosis and informing
clinical decision-making regarding AGC patients.
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