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Objective: To build and assess a pre-treatment dual-energy CT-based clinical-radiomics
nomogram for the individualized prediction of clinical response to systemic chemotherapy
in advanced gastric cancer (AGC).

Methods: A total of 69 pathologically confirmed AGC patients who underwent dual-
energy CT before systemic chemotherapy were enrolled from two centers in this
retrospective study. Treatment response was determined with follow-up CT according
to the RECIST standard. Quantitative radiomics metrics of the primary lesion were
extracted from three sets of monochromatic images (40, 70, and 100 keV) at venous
phase. Univariate analysis and least absolute shrinkage and selection operator (LASSO)
were used to select the most relevant radiomics features. Multivariable logistic regression
was performed to establish a clinical model, three monochromatic radiomics models,
and a combined multi-energy model. ROC analysis and Delong test were used to
evaluate and compare the predictive performance among models. A clinical-radiomics
nomogram was developed; moreover, its discrimination, calibration, and clinical
usefulness were assessed.

Result: Among the included patients, 24 responded to the systemic chemotherapy.
Clinical stage and the iodine concentration (IC) of the tumor were significant clinical
predictors of chemotherapy response (all p < 0.05). The multi-energy radiomics model
showed a higher predictive capability (AUC = 0.914) than two monochromatic radiomics
models and the clinical model (AUC: 40 keV = 0.747, 70 keV = 0.793, clinical = 0.775);
however, the predictive accuracy of the 100-keV model (AUC: 0.881) was not statistically
different (p = 0.221). The clinical-radiomics nomogram integrating the multi-energy
radiomics signature with IC value and clinical stage showed good calibration and
discrimination with an AUC of 0.934. Decision curve analysis proved the clinical
usefulness of the nomogram and multi-energy radiomics model.
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Conclusion: The pre-treatment DECT-based clinical-radiomics nomogram showed
good performance in predicting clinical response to systemic chemotherapy in AGC,
which may contribute to clinical decision-making and improving patient survival.

Keywords: dual-energy CT, radiomics, response prediction, systemic chemotherapy, gastric cancer

INTRODUCTION

Gastric cancer (GC) remains one of the most common malignant
tumors in the world, and its morbidity and mortality rank fifth and
third, respectively. There were more than a million new cases and an
approximated 784,000 deaths worldwide in 2018 (1); moreover,
most GC cases are diagnosed at an advanced stage (2). It is therefore
essential to select an effective treatment regimen for advanced
gastric cancer (AGC) to maximize the overall therapeutic benefits.
Chemotherapy can improve survival and quality of life for patients
present with unresectable, locally advanced, or metastatic GC (3).
Furthermore, the overall survival of AGC patients who are treated
with systemic chemotherapy was 8 months longer than with
optimal supportive care alone (4-8). However, tumor response
rate of most treatment regimens is less than 40% and chemotherapy
drugs can cause serious side effects in some patients (9, 10). Hence,
pre-treatment prediction of tumor response to systemic
chemotherapy may translate into more precise patient selection
and individualized medicine, which are of great clinical significance.

Dual-energy CT (DECT) is a milestone imaging tool that
generates a rich amount of DECT quantitative information. The
virtual monochromatic images (VMI) derived from DECT have
been used in the diagnosis and prediction of tumors, including
classification of parotid neoplasms, the evaluation and
characterization of cervical lymphadenopathy, prediction of
lymph node metastasis in GC, and classification of clear cell renal
cell carcinoma (11-15). In terms of predicting the treatment
efficacy, Tang et al. demonstrated that iodine concentration (IC)
on DECT could evaluate efficacy response of GC to neoadjuvant
chemotherapy (16). However, to our knowledge, the application
and potential advantages of multi-energy virtual monochromatic
image datasets in predicting therapeutic response of GC have not
been explored. Theoretically, there is a rich amount of quantitative
information in the variation of energy-dependent attenuation in
different tissues. Given the dynamic and heterogeneous nature of
tumor (17, 18), performing radiomics analysis on monochromatic
images may improve the predictive capabilities (11).

Radiomics can noninvasively analyze tumor biology,
distinguish the subtle differences that human eyes cannot
discern, quantify tumor heterogeneity, and monitor tumor
development and response to treatment (19-23). Through
extensive extraction of quantitative features, radiomics can
delineate tumor heterogeneity metrics, which may reflect
pathophysiological characteristics associated with treatment
response (23-25). In fact, pre-treatment radiomics with other
CT techniques has been proven to non-invasively predict
treatment responses of GC (26-29).

Therefore, we aimed to establish and assess a clinical-
radiomics nomogram from pre-treatment DECT scans to

predict clinical response to systemic chemotherapy in patients
with AGC, and to verify whether radiomics performed on multi-
energy VMI datasets is more helpful in predicting response.

MATERIALS AND METHODS

Patients

This multi-center, retrospective study was approved by the
institutional review board, and the requirement for informed
consent was waived due to the retrospective study design. A total
of 69 consecutive patients from two independent institutions (49
from the Zhengzhou University First Affiliated Hospital between
March 2014 and November 2019 and 20 from Shanghai Jiao
Tong University Ruijin Hospital between November 2017 and
February 2019) were collected. The inclusion criteria were as
follows: (1) histologically confirmed primary gastric
adenocarcinoma; (2) no prior history of radiotherapy,
chemotherapy, or other treatments that might affect the blood
supply to the tumor; (3) no serious heart and renal insufficiency
and other important viscera lesions; (4) received baseline contrast-
enhanced DECT examinations within 1 week before
chemotherapy; (5) treated with systemic chemotherapy due to
metastatic, unresectable, and recurrent GC or tumors surrounding
major vessels on CT examination (cT4a~bNxM0~1); (6) ECOG
PS 0-2. The exclusion criteria were as follows: (1) patients with co-
malignancy; (2) incomplete clinical data at baseline; (3) motion
artifacts on CT; (4) lesions with cystic changes or cavitation; and
(5) intolerance to chemotherapy. Baseline clinicopathological data,
including age, sex, and clinical stage, were obtained from
retrospective electronic records.

Systemic Chemotherapy Regimen and
Treatment Response Evaluation

In our study, enrolled patients were mainly treated with
capecitabine plus oxaliplatin (XELOX) regimen or S-1 plus
oxaliplatin (SOX) regimen.

In detail, patients were given capecitabine at a dose of 1,000
mg/m” (or S-1: 60 mg/m?) orally twice daily from day 1 to day
14. Furthermore, oxaliplatin (130 mg/m?®) was given
intravenously for 2 h on day 1. Cycles were repeated every 21
days, and the toxicity of chemotherapy was evaluated after each
cycle. At least six cycles of treatment were given unless there was
disease exacerbation, unacceptable toxicity, or death occurred.

Evaluation of Treatment Response

Post-treatment CT images were obtained within 3 weeks after
completion of chemotherapy. The treatment response was
assessed by the change of the sum of the maximum diameters
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for all target lesions in the pre- and post-chemotherapy
CT images.

The short-term therapeutic response was evaluated with the
standard of Response Evaluation Criteria in Solid Tumors
(RECIST v. 1.1) (30). Based on current study purpose, we
classified patients with complete response (CR, complete
disappearance of all target lesions and no new lesions) or
partial response (PR, a reduction =30% in the sum of the
diameters of target lesions) as responders, while others with
stable disease (SD, neither partial response nor progressive
disease) or progressive disease (PD, a >20% size increase or
new disease) were classified as non-responders (Figures 1 and 2).

CT Image Acquisition

All patients fasted for 8 to 12 h before examination and took
800-1000 ml of warm water before the CT scan, where the
patients were placed in a supine position with head first and
breath-hold.

CT scans were performed using multi-vendor Dual-Energy
CT (Discovery CT750 HD scanner, GE Healthcare, Milwaukee,
WI, USA; SOMATOM Force scanner, Siemens Healthineers,
Forchheim, Germany). The patients underwent contrast-
enhanced DECT scans, including the arterial phase (AP) and
venous phase (VP). After unenhanced CT was performed, the
main contrast agent (Ultravist 370, Bayer Schering Pharma,
Thiringen. Germany) was infused intravenously through the
antecubital vein at a rate of 3.0 ml/s (1.5 ml/kg) using a pump

injector. AP and VP contrast-enhanced CT images were achieved
after a post-injection delay of 30 and 70 s, respectively. The
scanning parameters were summarized as follows (1) Discovery
CT750 HD: using fast tube voltage switching between 80 and 140
kVp, tube current: 375 mA, pitch: 1.375:1, rotation time: 0.6 s,
detector width: 40 mm, collimation: 128¥0.6 mm, FOV: 400 x
400 mm; reconstruction algorithm: STAND; reconstructed
section thickness:1.25 mm slice thickness: 5 mm. (2)
SOMATOM Force: tube voltage: 100/Sn150 kVp; effective tube
current-time product: 200/125 mAs; FOV: 374 x 374 mmy
rotation time: 0.5 s; pitch: 0.6; reconstructed section thickness:
1.25 mm slice thickness: 5 mm; kernel: Qr40; collimation:
128*0.6 mm.

Image Analysis
The CT images were transferred to dedicated workstations with
dual-energy software (Syngo.via, Version VB10, Siemens
Healthineers, Forchheim, Germany; ADW 4.7, GE Healthcare,
Milwaukee, WI, USA).

A 15-year experienced gastrointestinal radiologist interpreted
the dual-energy images with the knowledge that all patients had
GC confirmed by endoscopic biopsy. Clinical lymph node
staging (cN) and distant metastasis staging (cM) were
evaluated according to the 8th edition of AJCC guidelines (31),
and the distant metastatic sites were recorded. The maximal
thickness (the largest short diameter perpendicular to the longest
axis on the maximal cross-section) of the primary tumor was

FIGURE 1 | Case 1. Portal phase DECT images of a 34-year-old female with GC patient who responded to chemotherapy. (A—C) Diffuse thickened gastric wall was seen
at the gastric body (arrow). (D-F) Slightly thickened gastric wall was seen at the gastric body, and the lesion was significantly regressed (arrow). (A=C) were monochromatic
images of 40, 70, and 100 keV before chemotherapy, respectively. (D-F) were monochromatic images of 40, 70, and 100 keV after chemotherapy, respectively.
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measured. The Borrmann classification of the tumor was also
assessed (32). A free-hand, VP-based individualized region of
interest (ROI) was manually delineated on iodine-based material
decomposition images in the largest cross-sectional area by the
reader, and then the ICs (mean value, units of 100 ng/ml) of the
lesion in the ROI was recorded. Meanwhile, circular ROIs were
carefully placed at the same slice to avoid calcified plaques and
subsequently obtain the aortic ICs. Finally, the iodine ratio of the
lesion to aorta was taken as normalized iodine concentration
(NIC = IC lesion/IC aorta).

Tumor Segmentation and Feature
Extraction

We conducted lesion segmentation and radiomics feature
extraction with a prototypical software (Syngo Frontier,
Radiomics 1.0.9a, Siemens Healthineers, Germany). Venous
phase images were previously reported as the best phase for
GC visualization (14, 27, 33) and therefore were used for tumor
segmentation. In order to seize the energy-dependent changes in
tissue attenuation, we selected monochromatic images of 40, 70,
and 100 keV as typical dual-energy datasets for feature extraction.
The volumes of interest (VOI), referred to whole tumor regions in
three dimensions on venous phase contrast-enhanced DECT
images, was delineated by a radiologist with 7 years of
experience and reviewed by a radiologist with 10 years of
experience to minimize possible bias (Supplemental Appendix 1;

FIGURE 2 | Case 2. Portal phase DECT images of a 40-year-old female patient with GC who did not respond to chemotherapy. (A-C) An irregular wall-thickening
lesion at the gastric body was present (arrow). (D-F) There was no obvious change (slightly regression) in the lesions of gastric body (arrow). (A-C) were
monochromatic images of 40, 70, and 100 keV before chemotherapy, respectively; (D-F) were monochromatic images of 40, 70, and 100 keV after chemotherapy,
respectively. Note: After completion of chemotherapy, the patient was diagnosed with aggravated peritoneal metastasis.

Figure S1). The software provides a variety of options to
customize image pre-processing before radiomic feature
extraction, including wavelet filtering, Laplacian of Gaussian
filtering, and non-linear intensity transforms including logarithm,
exponential, square, and square root operations. The extracted
features were reproducible and matched the benchmarks of
image biomarker standardization initiative (IBSI) (34).

Finally, 1691 radiomics features were extracted from each
patient in each single-energy image set, including 17 shape
features, 324 first-order features, and 1,350 texture features
Supplemental Appendix 2; Table Al.

Feature Selection and Radiomics Model
Establishment

To prevent overfitting or selection bias in our radiomics model,
univariate logistic regression analysis (p < 0.05) and LASSO
regression were used to screen out the most relevant informative
radiomic features of chemotherapy response. Tenfold cross-
validation was performed to determine the optimal value of
regularization parameter A at minimum MSE. Based on the
selected features, the radiomics model was established by
multivariate logistic regression algorithm. Three single-energy
(40-keV, 70-keV, and 100-keV) radiomics models and a multi-
energy (combined three single-energy features) radiomics model
were established. The process of LASSO is shown in
Supplemental Appendix 3; Figure S2.
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Clinical Model and Nomogram
Establishment

Univariate and multivariate logistic regression analysis were used
to determine the independent clinical predictors related to
chemotherapy response.

The candidate factors of univariate logistic regression analysis
included age, gender, clinical stage, cN stage, cM stage, distant
metastatic sites, location, Borrmann classification, thickness, and IC
and NIC value. Odds ratio and 95% confidence interval (CI) were
calculated. The significant variables (p-value < 0.05) in the
univariable analysis were considered in the multivariate logistic
regression analysis. Then, the independent clinical predictive factors
were determined and the clinical model was established. In addition,
a combination model (ComModel) was established by combining
the selected clinical predictor with multi-energy radiomics model to
explore the added value of the additional dual-energy information.
Meanwhile, the ComModel was visualized as a nomogram to
predict individualized probability of response.

Evaluation and Comparison of Model
Performance

Evaluation of the model contained discrimination, calibration,
and clinical usefulness. The receiver operating characteristic
(ROC) curve analysis was used to evaluate the discrimination
performance of each model, while the DeLong test was used to
compare the differences in area under the curve (AUC) among
different models. Calibration curves were carried out to describe
calibration performance according to agreement between
predicted and actual probability of response. Decision curve
analysis (DCA) was employed to estimate the clinical
usefulness of the model based on the net benefit at different
threshold probabilities. The radiomics flowchart of our study is
shown in Figure 3.

Statistical Analysis
Feature selection, model construction, and performance
evaluation were performed on R software package (version

3.6.3). Other statistical analyses were conducted with SPSS25.0
software (IBM, USA). A two-tailed p-value<0.05 was considered
statistically significant.

Normality of distribution of continuous variables was tested
using a Kolmogorov-Smirnov test. The differences in continuous
variables were assessed by using analysis of variance (ANOVA),
and categoric variables were compared using the ” test.

RESULTS

Clinical Characteristics
The general demographic characteristics, clinicopathological
characteristics, and dual-energy parameters of the patients are
shown in Supplemental Appendix 4; Table A2. A total of 69
(median age 56 years, range 23-84 years) patients with AGC
were analyzed in this study. The number of AGC patients with
stage IV disease was 47 (68.1%). There were 10 patients (14.5%)
presented with diffuse lesions (lesion location >2). Fifty-eight
patients (84.1%) demonstrated evidence of lymph node
involvement. Distant metastases were found in 40 patients
(58.0) and 14 of them (20.3%) presented with liver metastasis.
According to the results of response assessment, patients were
divided into responder (1 = 24) and non-responder (1 = 45) groups.
Baseline characteristics of the two groups are summarized in
Table 1. Clinical Stage, Borrmann classification, and IC were
found to be significantly different between groups. Furthermore,
univariate and multivariate logistic regression analyses
demonstrated that clinical stage and IC value were independent
clinical predictors of response to chemotherapy for AGC (Table 2).

Radiomics Feature Selection

Based on LASSO regression, we obtained 8, 4, 6, and 11 most
significant radiomics features with non-zero coefficients as the
predictive radiomics features from the 40-keV, 70-keV, 100-keV,
and multi-energy groups, respectively. The distribution of the
selected radiomics features of the corresponding model

Feature extraction

Segmentation

3D reconstruction

!

Shape feature (17)
First feature (324)
Texture feature (1350)

s s

L
IR
: =t |
[

Feature selection

LASSO-logistic regression

Model evaluation Nomogram evaluation

JW

FIGURE 3 | Radiomics workflow of the present study. The radiomics procedure consists mainly of five steps: volume of interest segmentation, feature extraction,

feature selection, model evaluation, and nomogram evaluation.
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TABLE 1 | Baseline characteristics of responder and non-responder groups.

Characteristics Responder (n = 24)

Age (years) 57.25 +12.44
Sex

Female 9

Male 15
ECOG

PS 0O 11

PS 1-2 13
Clinical Stage

Il 12

\% 12
cN stage

NO 5

N1 10

N2 5

N3 4
Metastatic sites

Absent 12

Liver 4

Lung 0

Other® 8
Location

Upper 11

Middle 3

Lower 6

Diffuse 4
Borrmann type

[l 2

Il 20

\% 2
Thickness (cm) 2.165 +0.723
IC (100 ug/mi) 24.857 + 3.153
NIC 0.078 + 0.044

*p-value < 0.05. Data (%) are the proportion of sample size or mean value + SD.

Non-responder (n = 45) p
53.22 + 14.10 0.250
0.352
12
33
0.136
29
16
0.018*
10
35
0.768
6
17
11
11
0.597
17
10
2
16
0.879
19
9
11
6
<0.001*
8
15
22
2.520 + 0.855 0.093
21.780 + 3.379 0.001*
0.127 + 0.067 0.257

Aperitoneum, distant lymph node, adrenal gland, ovary; N, lymph node; IC, iodine concentration; NIC, normalized iodine concentration.

coefficients is shown in Supplemental Appendix 5, Tables A3
and A4.

Evaluation and Comparison of Model
Performance
Radiomics model: The 100 keV radiomics model had the better
predictive value among the three monochromatic radiomics
models, with an AUC of 0.881 (95% CI 0.791-0.971). The AUC
was 0.747 (95% CI: 0.628-0.866) for the 40-keV radiomics model
and 0.793 (95% CI 0.678-0.908) for the 70-keV radiomics model.
The AUC of the multi-energy radiomics model was 0.914 (95% CI
0.846-0.982) (Figure 4A).

Clinical model: Clinical stage and IC were included in the model.
The AUC of the clinical model was 0.774 (95% CI 0.628-0.866).

Combined model: A combined clinical-radiomics model
(ComModel) was established incorporating multi-energy radiomics
features, clinical stage, and IC value while presented as a nomogram
(Figure 4B). The AUC of ComModel was 0.934 (0.877-0.991).

The AUC of the multi-energy radiomics model predicting
response probability was superior to two monochromatic
radiomics models and the clinical model. The ComModel
achieved best discrimination among all models with an AUC
of 0.934. Besides, there was no significant difference between

ComModel, the 100-keV model, and the multi-energy model
(p = 0.138 between the multi-energy model and ComModel, p =
0.073 between ComModel and the 100-keV model, p = 0.221
between the 100-keV model and the multi-energy model). ROC
curves and detailed performances of the six models are illustrated
in Figure 4C and Table 3. A comparison of discrimination of
these models is demonstrated in Table 4.

Evaluation of Clinical-Radiomics
Nomogram Performance

The calibration curves of the nomogram (Figure 5A) showed a
good fit between predictive probability of response and actual
response rate. Non-significant statistics of the accompanied
Hosmer-Lemeshow test (p = 0.280) implied that the nomogram
was adequately calibrated without departure from the ideal fit. The
decision curve analysis (Figure 5B) demonstrated good
performance of the multi-energy radiomics model and the
nomogram in terms of clinical decision-making, which added
more benefits than either a treat-all or treat-none scheme. In
addition, the analysis showed that the nomogram and multi-
energy radiomics model had a similar clinical application value,
and their prediction performance was better than that of the
clinical model.
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TABLE 2 | Clinical predictors for response to chemotherapy in patients with AGC.

Characteristic

Age (years)
Sex

Male

Female
ECOG

PS 0

PS 1-2
Clinical stage

Il

\%
cN stage

NO

N1

N2

N3
cM stage

MO

M1
Location

Upper

Middle

Lower

Diffuse
Borrmann type

[l

Il

\%
Thickness (cm)
IC (100 pg/mi)
NIC

Univariable analysis
OR (95% CI)

1.023 (0.984-1.062)

Reference
1.650 (0.573-4.753)

Reference
2.142 (0.781-5.873)

Reference
0.286 (0.098-0.829)

Reference
0.706 (0.170-2.923)
0.545 (0.111-2.673)
0.436 (0.084-2.269)

Reference
0.607 (0.223-1.653)

Reference
0.576 (0.128-2.588)
0.942 (0.272-3.260)
1.152 (0.266-4.993)

Reference
4.500 (0.806-25.122)
0.350 (0.041-2.977)
0.551 (0.272-1.119)
1.334 (1.108-1.605)
6.950 (0.248-194.682)

p-value

0.249
0.354

0.139

0.021*

0.631
0.455
0.324
0.329

0.472
0.925
0.850

0.086
0.336
0.099
0.002*
0.254

Multivariable analysis p-value
OR (95% CI)
0.029*
Reference
0.251 (0.072-0.869)
1.309 (1.067-1.605) 0.010*
4.373 (0.077-247.896) 0.474

*p-value < 0.05. Cl, confidence interval; OR, odds ratio; N, lymph node; M, distant metastasis; IC, iodine concentration; NIC, normalized iodine concentration.

° »
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FIGURE 4 | Radiomics score, nomogram developed with the combined model, ROC curve analysis of all models. (A) Waterfall plot for distribution of radiomics
scores for each patient. (B) The developed clinical-radiomics nomogram to predict response to chemotherapy in patients with gastric cancer. (C) ROC curves of all
models for predicting response to chemotherapy. AUC, area under the curve; Clinical-radiomics, nomogram.
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Sensitivity
°
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DISCUSSION

In this study, we built a DECT-based clinical-radiomics
nomogram for systemic chemotherapy response prediction in

AGC using datasets from two centers. The constructed
nomogram, which combined clinical stages, IC, and DECT-

derived radiomics features, demonstrated satisfactory
discriminative ability, and can be used to stratify patients who
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TABLE 3 | Radiomics, clinical-only, and clinical-radiomics model predictive performance.

Model AUC SPE SEN ACC PPV NPV

(95% ClI) (%) (%) (%) (%) (%)

40 keV 0.747 60.0 83.3 68.1 52.6 87.1
(0.628-0.866)

70 keV 0.793 88.9 62.5 79.7 75.0 81.6
(0.678-0.908)

100 keV 0.881 84.4 83.3 84.1 741 90.5
(0.791-0.971)

Full 0.914 86.6 87.5 86.9 77.7 92.8
(0.846-0.982)

Clinical 0.775 55.6 91.7 68.1 52.4 926
(0.665-0.884)

ComModel 0.934 91.1 83.3 88.4 83.3 91.1
(0.877-0.991)

AUC, area under the curve; SPE, specificity; SEN, sensitivity; ACC, accuracy; PPV, positive predictive value; NPV, negative predictive value; Full, multi-energy; ComModel, Clinical-
Radiomics; Cl, confidence interval.

TABLE 4 | Comparison of discrimination of all models.

Model 5 0.17

Model 4 <0.01* 0.02*

Model 3 0.10 0.22 0.11

Model 2 <0.01* 0.01* 0.81 0.17

Model 1 <0.01* <0.01* 0.74 0.02* 0.52
Model 6 Model 5 Model 4 Model 3 Model 2

*p < 0.05. Model (1) corresponds to the model based on selected 40-keV/ radiomics features, model (2) corresponds to the model based on selected 70-keV radiomics features, model (3)
corresponds to the model based on selected 100-keV radiomics features, model (4) corresponds to the clinical model, model (5) corresponds to the model based on selected multi-energy
radiomics features, and model (6) corresponds to the model combining multi-energy radiomics features and clinical features.
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FIGURE 5 | Calibration curves and decision curve analysis of the nomogram. (A) Calibration curves of the nomogram. The x-axis and the y-axis show the

nomogram-predicted response probabilities and the actual probabilities, respectively. The calibration curve presents the calibration of the nomogram in terms of the
agreement between the predicted response to chemotherapy and the observed probabilities of response to chemotherapy. The diagonal gray line presents a perfect
prediction, and the black solid line presents the predictive performance of the nomogram. Better prediction is indicated by a closer fit of the black solid line to the
diagonal gray line. (B) Decision curve analysis for the combined model, multi-energy radiomics model, and clinical model. The y-axis represents the net benefit. The
gray line represents the assumption that all patients have a response to chemotherapy; however, the black line is the opposite. The blue line represents the
combined model. The red line represents the multi-energy radiomics model. The green line represents the clinical model.

are more likely to benefit from systemic chemotherapy.
Furthermore, our study demonstrates that radiomics features
extracted from the virtual monochromatic images can reflect
heterogeneity of gastric cancer and that radiomics may serve as a

promising technique for predicting the response to treatment in
patients with AGC.

Existing radiomics models for predicting response to systemic
chemotherapy used both pre-treatment and post-treatment CT
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images (35). However, the post-treatment nature could narrow
its extensive utility in clinical therapy decision-making (36).
Thus, pre-treatment images were selected to construct
prediction models in the current study. Using a pre-treatment
predictive model, clinicians can identify the chemosensitivity of
patients, thereby better stratifying patients for more appropriate
treatment regimens (36). As a result, the pre-treatment
predictive model may broaden its application in the clinical
settings and help personalize treatment and improve prognosis
of AGC patients.

Dual-energy imaging extends the capabilities of conventional
CT offering potentials to improve lesion detection and
characterization (33). At present, some scholars have been
committed to the combination of dual-energy CT and radiomics
or texture analysis (13, 37-42). However, most feature extractions
were based on single-energy monochromatic images, 120 kV
equivalent mixed images, or iodine images. There were few
studies on feature extraction based on multi-energy images,
especially in gastric cancer. Li et al. (14) found that the multi-
energy image-based radiomics model could better predict lymph
node metastasis (LNM) for gastric cancer when compared to the
clinical and single-energy model. In terms of monoenergetic
selection for radiomics model construction, 70 keV was used as
it could resemble a 120-kVp conventional single-energy CT
acquisition, while having a higher contrast-to-noise ratio and
less image noise (43-46). Meanwhile, according to basic CT
physics and algorithms, we also selected 40-keV images as the
representative of low-energy dataset (40-70 keV) to reflect the
tissue enhancement characteristics and 100-keV images as
the representative of high-energy dataset (100-140 keV) to reflect
the tissue non-enhanced characteristics. In our comparison of three
monoenergetic radiomics models, the 100-keV model achieved a
better performance. High-energy monochromatic images have
higher image quality and lower background parenchymal noise
(47, 48). Thus, we speculate that the radiomics features based on
low-noise, high-energy images reflecting the tissue non-enhanced
nature are more likely to seize the heterogeneity of tumors. Notably,
the 100-keV model did not significantly differ from the multi-
energy model or the clinical-radiomics nomogram in terms of
response prediction. This finding was consistent with a previous
study that the potential benefits of multi-energy images must be
evaluated on a case-by-case basis (13). From this, the 100-keV
images not only was visually comfortable and extensively useful in
clinical routine display (14), but also showed good performance in
predicting systemic chemotherapy response of AGC.

DECT-derived IC represents iodine deposition in tissues and
is deemed as an alternative measure for tumor vascularity and
perfusion (49). Previous studies have explored the application of
IC in the field of oncology for diagnosis, the prediction of lymph
node metastasis, and the evaluation of therapy response (50-52).
Tang et al. revealed that the tumor IC was in good agreement
with the pathological regression in evaluating the response of GC
to neoadjuvant chemotherapy, and prediction efficacy of IC was
superior to that of tumor thickness (16). In the present study,
univariate and multivariate analysis results showed that IC was
an independent predictor of the response of chemotherapy for

GC. Moreover, the IC value of the non-response group was
significantly lower than that of the response group, which may
indicate that the relatively low blood supply of the tumor before
chemotherapy has some difficulties in the targeted organ
transportation of chemotherapy drugs, leading to a lower
sensitivity of chemotherapy than that of the tumor with
relatively rich blood supply before chemotherapy. Although
NIC has been proven to be a relatively stable indicators in
tumor staging and detection of HER2 status (53, 54), its
application and benefits are not entirely clear (55). Previous
study revealed that NIC cannot serve as an independent
predictive factor for lymph node metastasis in GC (51). Similarly,
this study found that NIC was not statistically significant in
univariate logistic analysis (p > 0.05); however, we still included
NIC in the multivariate study and further confirmed it as a non-
independent risk factor. Hence, future studies are prompted to
discuss and validate the value of NIC in tumor prediction.

Tumor thickness plays an important role in predicting the
therapeutic response of GC. Wang et al. revealed that tumor
thickness ratio reduction was a good predictor of pathological
complete response (pCR) after neoadjuvant chemotherapy
(NAC) in patients with GC; however, tumor thickness before
NAC was not helpful in predicting pCR (56). We also found that
pre-treatment tumor thickness was not correlated with systemic
chemotherapy response. Previous studies have suggested that the
clinical staging of GC is closely related to the choice of treatment
strategy and prognosis. At the same time, we have also
demonstrated IC and clinical staging were significantly
associated with systemic chemotherapy response, and an
improvement of predictive power was observed when IC and
clinical staging were added to the radiomics model.

Our study had some limitations. First, this is a pilot study using
functional imaging radiomics to predict response to systemic
chemotherapy. Although data from two centers were included,
the sample size was still limited and lacked a validation group.
However, the construction of our radiomics prediction model was
based on features screened out using 10-fold cross-validation,
ensuring optimal reliability and reproducibility. Furthermore,
future collaboration with other dual-energy CT centers is
underway to enlarge the sample size. Second, the current study
gathered dual-center dual-energy data to increase the statistical
power at the expense of increased variability of different
manufacturers’ scanners; however, we used monochromatic
images derived from the fast kilovolt peak-switching and dual-
source acquisition paradigms to extract radiomics features to
reduce the possible variability. Jacobsen et al. confirmed in a
large phantom study that fast kilovolt peak-switching and dual
source usually provided the most accurate monochromatic
attenuation, and little difference existed in monochromatic error
between the two scan protocols used in our study (57). Meanwhile,
predictive model developed by current research achieved favorable
performance, which further shows the good predictive value of the
radiomics features based on different manufacturers’ dual-energy
CT for chemotherapy response. Future research can attempt to use
uniform dual-energy scanners and standardized imaging
techniques to establish predictive model.
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In conclusion, we developed a pre-treatment dual-energy
CT-based radiomics nomogram for predicting clinical
response to systemic chemotherapy in patients with AGC. Our
preliminary results revealed that integrating multidimensional
data including radiomics, clinical factors, and dual-energy
parameter could benefit risk stratification, optimize candidate
selection for systemic chemotherapy, and, finally, improve
quality of life in patients with advanced gastric cancer.

DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in
the article/Supplementary Material. Further inquiries can be
directed to the corresponding author.

ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by the medical ethical committee of Zhengzhou
University and Ruijin Hospital. Written informed consent for
participation was not required for this study in accordance with
the national legislation and the institutional requirements.

REFERENCES

1. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. Global
Cancer Statistics 2018: GLOBOCAN Estimates of Incidence and Mortality
Worldwide for 36 Cancers in 185 Countries. CA Cancer J Clin (2018) 68
(6):394-424. doi: 10.3322/caac.21492

2. Necula L, Matei L, Dragu D, Neagu AI, Mambet C, Nedeianu S, et al. Recent
Advances in Gastric Cancer Early Diagnosis. World ] Gastroenterol (2019) 25
(17):2029-44. doi: 10.3748/wjg.v25.i117.2029

3. Smyth EC, Nilsson M, Grabsch HI, van Grieken NC, Lordick F. Gastric
Cancer. Lancet (2020) 396(10251):635-48. doi: 10.1016/s0140-6736(20)
31288-5

4. Murad AM, Santiago FF, Petroianu A, Rocha PR, Rodrigues MA, Rausch M.
Modified Therapy With 5-Fluorouracil, Doxorubicin, and Methotrexate in
Advanced Gastric Cancer. Cancer (1993) 72(1):37-41. doi: 10.1002/1097-
0142(19930701)72:1<37::aid-cner2820720109>3.0.¢0;2-p

5. Fuchs CS, Shitara K, Di Bartolomeo M, Lonardi S, Al-Batran SE, Van Cutsem E,
et al. Ramucirumab With Cisplatin and Fluoropyrimidine as First-Line Therapy
in Patients With Metastatic Gastric or Junctional Adenocarcinoma
(RAINFALL): A Double-Blind, Randomised, Placebo-Controlled, Phase 3
Trial. Lancet Oncol (2019) 20(3):420-35. doi: 10.1016/s1470-2045(18)30791-5

6. Shah MA, Bang Y], Lordick F, Alsina M, Chen M, Hack SP, et al. Effect of
Fluorouracil, Leucovorin, and Oxaliplatin With or Without Onartuzumab in
HER2-Negative, MET-Positive Gastroesophageal Adenocarcinoma: The
METGastric Randomized Clinical Trial. JAMA Oncol (2017) 3(5):620-7.
doi: 10.1001/jamaoncol.2016.5580

7. Van Cutsem E, Moiseyenko VM, Tjulandin S, Majlis A, Constenla M, Boni C,
et al. Phase IIT Study of Docetaxel and Cisplatin Plus Fluorouracil Compared
With Cisplatin and Fluorouracil as First-Line Therapy for Advanced Gastric
Cancer: A Report of the V325 Study Group. J Clin Oncol (2006) 24(31):4991-
7. doi: 10.1200/jc0.2006.06.8429

8. Glimelius B, Ekstrém K, Hoffman K, Graf W, Sjédén PO, Haglund U, et al.
Randomized Comparison Between Chemotherapy Plus Best Supportive Care
With Best Supportive Care in Advanced Gastric Cancer. Ann Oncol (1997) 8
(2):163-8. doi: 10.1023/2:1008243606668

AUTHOR CONTRIBUTIONS

Y-yL: manuscript preparation, literature research, and data
analysis. HZ: manuscript preparation and literature research.
LW: manuscript preparation and data collection. S-sL: data
analysis. HL: data collection. H-jL: data analysis assistance. PL
and JL: imaging analysis. P-jL: manuscript editing. J-bG: study
conception and design, manuscript review, and guarantor of
integrity of the entire study. All authors contributed to the article
and approved the submitted version.

FUNDING

Funding was provided by the National Natural Science
Foundation of China (N0.81971615) and the National Key
Research and Develop Program of China (No. 2017YFC0112602).

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fonc.2021.740732/
full#supplementary-material

9. Van Cutsem E, Sagaert X, Topal B, Haustermans K, Prenen H. Gastric
Cancer. Lancet (2016) 388(10060):2654-64. doi: 10.1016/s0140-6736(16)
30354-3

Du M, Ouyang Y, Meng F, Ma Q, Liu H, Zhuang Y, et al. Nanotargeted
Agents: An Emerging Therapeutic Strategy for Breast Cancer. Nanomedicine
(Lond) (2019) 14(13):1771-86. doi: 10.2217/nnm-2018-0481

Al Ajmi E, Forghani B, Reinhold C, Bayat M, Forghani R. Spectral Multi-
Energy CT Texture Analysis With Machine Learning for Tissue Classification:
An Investigation Using Classification of Benign Parotid Tumours as a Testing
Paradigm. Eur Radiol (2018) 28(6):2604-11. doi: 10.1007/s00330-017-5214-0
Marin D, Boll DT, Mileto A, Nelson RC. State of the Art: Dual-Energy CT of
the Abdomen. Radiology (2014) 271(2):327-42. doi: 10.1148/radiol. 14131480
Seidler M, Forghani B, Reinhold C, Perez-Lara A, Romero-Sanchez G,
Muthukrishnan N, et al. Dual-Energy CT Texture Analysis With Machine
Learning for the Evaluation and Characterization of Cervical
Lymphadenopathy. Comput Struct Biotechnol ] (2019) 17:1009-15.
doi: 10.1016/j.csbj.2019.07.004

Li J, Dong D, Fang M, Wang R, Tian J, Li H, et al. Dual-Energy CT-Based
Deep Learning Radiomics can Improve Lymph Node Metastasis Risk
Prediction for Gastric Cancer. Eur Radiol (2020) 30(4):2324-33.
doi: 10.1007/500330-019-06621-x

Han D, Yu Y, He T, Yu N, Dang S, Wu H, et al. Effect of Radiomics From
Different Virtual Monochromatic Images in Dual-Energy Spectral CT on the
WHO/ISUP Classification of Clear Cell Renal Cell Carcinoma. Clin Radiol
(2021) 76(8):627.€23-627.€29. doi: 10.1016/j.crad.2021.02.033

Tang L, Li ZY, Li ZW, Zhang XP, Li YL, Li XT, et al. Evaluating the Response of
Gastric Carcinomas to Neoadjuvant Chemotherapy Using Iodine Concentration
on Spectral CT: A Comparison With Pathological Regression. Clin Radiol (2015)
70(11):1198-204. doi: 10.1016/j.crad.2015.06.083

Gerlinger M, Rowan AJ, Horswell S, Math M, Larkin J, Endesfelder D, et al.
Intratumor Heterogeneity and Branched Evolution Revealed by Multiregion
Sequencing. N Engl ] Med (2012) 366(10):883-92. doi: 10.1056/NEJMoal113205
Caswell DR, Swanton C. The Role of Tumour Heterogeneity and Clonal
Cooperativity in Metastasis, Immune Evasion and Clinical Outcome. BMC
Med (2017) 15(1):133. doi: 10.1186/s12916-017-0900-y

10.

11.

12.

13.

14.

15.

16.

17.

18.

Frontiers in Oncology | www.frontiersin.org

September 2021 | Volume 11 | Article 740732


https://www.frontiersin.org/articles/10.3389/fonc.2021.740732/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2021.740732/full#supplementary-material
https://doi.org/10.3322/caac.21492
https://doi.org/10.3748/wjg.v25.i17.2029
https://doi.org/10.1016/s0140-6736(20)31288-5
https://doi.org/10.1016/s0140-6736(20)31288-5
https://doi.org/10.1002/1097-0142(19930701)72:1%3C37::aid-cncr2820720109%3E3.0.co;2-p
https://doi.org/10.1002/1097-0142(19930701)72:1%3C37::aid-cncr2820720109%3E3.0.co;2-p
https://doi.org/10.1016/s1470-2045(18)30791-5
https://doi.org/10.1001/jamaoncol.2016.5580
https://doi.org/10.1200/jco.2006.06.8429
https://doi.org/10.1023/a:1008243606668
https://doi.org/10.1016/s0140-6736(16)30354-3
https://doi.org/10.1016/s0140-6736(16)30354-3
https://doi.org/10.2217/nnm-2018-0481
https://doi.org/10.1007/s00330-017-5214-0
https://doi.org/10.1148/radiol.14131480
https://doi.org/10.1016/j.csbj.2019.07.004
https://doi.org/10.1007/s00330-019-06621-x
https://doi.org/10.1016/j.crad.2021.02.033
https://doi.org/10.1016/j.crad.2015.06.083
https://doi.org/10.1056/NEJMoa1113205
https://doi.org/10.1186/s12916-017-0900-y
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Liu et al.

Radiomics Predicting Chemotherapy Response

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Ligero M, Garcia-Ruiz A, Viaplana C, Villacampa G, Raciti MV, Landa J, et al.
A CT-Based Radiomics Signature Is Associated With Response to Immune
Checkpoint Inhibitors in Advanced Solid Tumors. Radiology (2021) 299
(1):109-19. doi: 10.1148/radiol.2021200928

Dong D, Fang MJ, Tang L, Shan XH, Gao JB, Giganti F, et al. Deep Learning
Radiomic Nomogram can Predict the Number of Lymph Node Metastasis in
Locally Advanced Gastric Cancer: An International Multicenter Study. Ann
Oncol (2020) 31(7):912-20. doi: 10.1016/j.annonc.2020.04.003

Dong D, Tang L, Li ZY, Fang MJ, Gao JB, Shan XH, et al. Development and
Validation of an Individualized Nomogram to Identify Occult Peritoneal
Metastasis in Patients With Advanced Gastric Cancer. Ann Oncol (2019) 30
(3):431-8. doi: 10.1093/annonc/mdz001

Dong D, Zhang F, Zhong LZ, Fang MJ, Huang CL, Yao J], et al. Development
and Validation of a Novel MR Imaging Predictor of Response to Induction
Chemotherapy in Locoregionally Advanced Nasopharyngeal Cancer: A
Randomized Controlled Trial Substudy (NCT01245959). BMC Med (2019)
17(1):190. doi: 10.1186/s12916-019-1422-6

Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG,
Granton P, et al. Radiomics: Extracting More Information From Medical
Images Using Advanced Feature Analysis. Eur ] Cancer (2012) 48(4):441-6.
doi: 10.1016/j.ejca.2011.11.036

Hu H, Gong L, Dong D, Zhu L, Wang M, He J, et al. Identifying Early Gastric
Cancer Under Magnifying Narrow-Band Images With Deep Learning: A
Multicenter Study. Gastrointest Endosc (2021) 93(6):1333-41.e3. doi: 10.1016/
j.ie.2020.11.014

Meng L, Dong D, Chen X, Fang M, Wang R, Li J, et al. 2D and 3D CT
Radiomic Features Performance Comparison in Characterization of Gastric
Cancer: A Multi-Center Study. IEEE ] BioMed Health Inform (2021) 25
(3):755-63. doi: 10.1109/jbhi.2020.3002805

LiZ, Zhang D, Dai Y, Dong J, Wu L, Li Y, et al. Computed Tomography-Based
Radiomics for Prediction of Neoadjuvant Chemotherapy Outcomes in Locally
Advanced Gastric Cancer: A Pilot Study. Chin ] Cancer Res (2018) 30(4):406-
14. doi: 10.21147/j.issn.1000-9604.2018.04.03

Sun KY, Hu HT, Chen SL, Ye JN, Li GH, Chen LD, et al. CT-Based Radiomics
Scores Predict Response to Neoadjuvant Chemotherapy and Survival in
Patients With Gastric Cancer. BMC Cancer (2020) 20(1):468. doi: 10.1186/
s12885-020-06970-7

Zhang L, Dong D, Zhang W, Hao X, Fang M, Wang S, et al. A Deep Learning
Risk Prediction Model for Overall Survival in Patients With Gastric Cancer: A
Multicenter Study. Radiother Oncol (2020) 150:73-80. doi: 10.1016/
j.radonc.2020.06.010

Zhang W, Fang M, Dong D, Wang X, Ke X, Zhang L, et al. Development and
Validation of a CT-Based Radiomic Nomogram for Preoperative Prediction of
Early Recurrence in Advanced Gastric Cancer. Radiother Oncol (2020)
145:13-20. doi: 10.1016/j.radonc.2019.11.023

Eisenhauer EA, Therasse P, Bogaerts J, Schwartz LH, Sargent D, Ford R, et al.
New Response Evaluation Criteria in Solid Tumours: Revised RECIST
Guideline (Version 1.1). Eur J Cancer (2009) 45(2):228-47. doi: 10.1016/
j.€jca.2008.10.026

Amin MB, Edge SB, Greene FL, Byrd DL, Brookland RK, Washington MK,
et al. AJCC Cancer Staging Manual. 8th ed. New York, NY: Springer (2017).
Borchard F. Classification of Gastric Carcinoma. Hepatogastroenterology
(1990) 37(2):223-32.

Silva AC, Morse BG, Hara AK, Paden RG, Hongo N, Pavlicek W. Dual-Energy
(Spectral) CT: Applications in Abdominal Imaging. Radiographics (2011) 31
(4):1031-46; discussion 1047-50. doi: 10.1148/rg.314105159

Zwanenburg A, Vallieres M, Abdalah MA, Aerts H, Andrearczyk V, Apte E, et al.
The Image Biomarker Standardization Initiative: Standardized Quantitative
Radiomics for High-Throughput Image-Based Phenotyping. Radiology (2020)
295(2):328-38. doi: 10.1148/radiol.2020191145

Tan JW, Wang L, Chen Y, Xi W, Ji J, Wang L, et al. Predicting
Chemotherapeutic Response for Far-Advanced Gastric Cancer by
Radiomics With Deep Learning Semi-Automatic Segmentation. | Cancer
(2020) 11(24):7224-36. doi: 10.7150/jca.46704

Tian X, Sun C, Liu Z, Li W, Duan H, Wang L, et al. Prediction of Response to
Preoperative Neoadjuvant Chemotherapy in Locally Advanced Cervical
Cancer Using Multicenter CT-Based Radiomic Analysis. Front Oncol (2020)
10:77. doi: 10.3389/fonc.2020.00077

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

Homayounieh F, Singh R, Nitiwarangkul C, Lades F, Schmidt B, Sedlmair M,
et al. Semiautomatic Segmentation and Radiomics for Dual-Energy CT: A
Pilot Study to Differentiate Benign and Malignant Hepatic Lesions. AJR Am J
Roentgenol (2020) 215(2):398-405. doi: 10.2214/ajr.19.22164

Zhou Y, Su GY, Hu H, Ge YQ, Si Y, Shen MP, et al. Radiomics Analysis of
Dual-Energy CT-Derived Iodine Maps for Diagnosing Metastatic Cervical
Lymph Nodes in Patients With Papillary Thyroid Cancer. Eur Radiol (2020)
30(11):6251-62. doi: 10.1007/s00330-020-06866-x

Wu J, Zhang Q, Zhao Y, Liu Y, Chen A, Li X, et al. Radiomics Analysis of
Todine-Based Material Decomposition Images With Dual-Energy Computed
Tomography Imaging for Preoperatively Predicting Microsatellite Instability
Status in Colorectal Cancer. Front Oncol (2019) 9:1250. doi: 10.3389/
fonc.2019.01250

Wang L, Zhang Y, Chen Y, Tan ], Wang L, Zhang J, et al. The Performance of
a Dual-Energy CT Derived Radiomics Model in Differentiating Serosal
Invasion for Advanced Gastric Cancer Patients After Neoadjuvant
Chemotherapy: Iodine Map Combined With 120-kV Equivalent Mixed
Images. Front Oncol (2020) 10:562945. doi: 10.3389/fonc.2020.562945
Reinert CP, Krieg EM, Bosmiiller H, Horger M. Mid-Term Response
Assessment in Multiple Myeloma Using a Texture Analysis Approach on
Dual Energy-CT-Derived Bone Marrow Images - A Proof of Principle Study.
Eur J Radiol (2020) 131:109214. doi: 10.1016/j.ejrad.2020.109214

Choe J, Lee SM, Do KH, Lee JB, Lee SM, Lee JG, et al. Prognostic Value of
Radiomic Analysis of Iodine Overlay Maps From Dual-Energy Computed
Tomography in Patients With Resectable Lung Cancer. Eur Radiol (2019) 29
(2):915-23. doi: 10.1007/s00330-018-5639-0

Marin D, Davis D, Roy Choudhury K, Patel B, Gupta RT, Mileto A, et al.
Characterization of Small Focal Renal Lesions: Diagnostic Accuracy With
Single-Phase Contrast-Enhanced Dual-Energy CT With Material Attenuation
Analysis Compared With Conventional Attenuation Measurements.
Radiology (2017) 284(3):737-47. doi: 10.1148/radiol.2017161872

Kaza RK, Caoili EM, Cohan RH, Platt JF. Distinguishing Enhancing From
Nonenhancing Renal Lesions With Fast Kilovoltage-Switching Dual-Energy
CT. AJR Am ] Roentgenol (2011) 197(6):1375-81. doi: 10.2214/ajr.11.6812
Ogata T, Ueguchi T, Yagi M, Yamada S, Tanaka C, Ogihara R, et al. Feasibility and
Accuracy of Relative Electron Density Determined by Virtual Monochromatic CT
Value Subtraction at Two Different Energies Using the Gemstone Spectral
Imaging. Radiat Oncol (2013) 8:83. doi: 10.1186/1748-717x-8-83

Ozguner O, Dhanantwari A, Halliburton S, Wen G, Utrup S, Jordan D.
Objective Image Characterization of a Spectral CT Scanner With Dual-Layer
Detector. Phys Med Biol (2018) 63(2):025027. doi: 10.1088/1361-6560/aa%e1b
Cha J, Kim HJ, Kim ST, Kim YK, Kim HY, Park GM. Dual-Energy CT With
Virtual Monochromatic Images and Metal Artifact Reduction Software for
Reducing Metallic Dental Artifacts. Acta Radiol (2017) 58(11):1312-9.
doi: 10.1177/0284185117692174

Sun EX, Wortman JR, Uyeda JW, Lacson R, Sodickson AD. Virtual
Monoenergetic Dual-Energy CT for Evaluation of Hepatic and Splenic
Lacerations. Emerg Radiol (2019) 26(4):419-25. doi: 10.1007/s10140-019-01687-y
Deniftel D, Sauter A, Fingerle A, Rummeny EJ, Makowski MR, Pfeiffer D.
Improved Differentiation Between Primary Lung Cancer and Pulmonary
Metastasis by Combining Dual-Energy CT-Derived Biomarkers With
Conventional CT Attenuation. Eur Radiol (2021) 31(2):1002-10.
doi: 10.1007/s00330-020-07195-9

Baxa J, Matouskova T, Krakorova G, Schmidt B, Flohr T, Sedlmair M, et al.
Dual-Phase Dual-Energy CT in Patients Treated With Erlotinib for Advanced
Non-Small Cell Lung Cancer: Possible Benefits of Iodine Quantification in
Response Assessment. Eur Radiol (2016) 26(8):2828-36. doi: 10.1007/s00330-
015-4092-6

LiJ, Fang M, Wang R, Dong D, Tian J, Liang P, et al. Diagnostic Accuracy of Dual-
Energy CT-Based Nomograms to Predict Lymph Node Metastasis in Gastric
Cancer. Eur Radiol (2018) 28(12):5241-4. doi: 10.1007/s00330-018-5483-2

Lv P, Lin XZ, Li J, Li W, Chen K. Differentiation of Small Hepatic
Hemangioma From Small Hepatocellular Carcinoma: Recently Introduced
Spectral CT Method. Radiology (2011) 259(3):720-9. doi: 10.1148/
radiol. 11101425

Zhao H, Li W, Huang W, Yang Y, Shen W, Liang P, et al. Dual-Energy CT-
Based Nomogram for Decoding HER2 Status in Patients With Gastric Cancer.
AJR Am ] Roentgenol (2021) 216(6):1539-48. doi: 10.2214/ajr.20.23528

Frontiers in Oncology | www.frontiersin.org

September 2021 | Volume 11 | Article 740732


https://doi.org/10.1148/radiol.2021200928
https://doi.org/10.1016/j.annonc.2020.04.003
https://doi.org/10.1093/annonc/mdz001
https://doi.org/10.1186/s12916-019-1422-6
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.1016/j.gie.2020.11.014
https://doi.org/10.1016/j.gie.2020.11.014
https://doi.org/10.1109/jbhi.2020.3002805
https://doi.org/10.21147/j.issn.1000-9604.2018.04.03
https://doi.org/10.1186/s12885-020-06970-7
https://doi.org/10.1186/s12885-020-06970-7
https://doi.org/10.1016/j.radonc.2020.06.010
https://doi.org/10.1016/j.radonc.2020.06.010
https://doi.org/10.1016/j.radonc.2019.11.023
https://doi.org/10.1016/j.ejca.2008.10.026
https://doi.org/10.1016/j.ejca.2008.10.026
https://doi.org/10.1148/rg.314105159
https://doi.org/10.1148/radiol.2020191145
https://doi.org/10.7150/jca.46704
https://doi.org/10.3389/fonc.2020.00077
https://doi.org/10.2214/ajr.19.22164
https://doi.org/10.1007/s00330-020-06866-x
https://doi.org/10.3389/fonc.2019.01250
https://doi.org/10.3389/fonc.2019.01250
https://doi.org/10.3389/fonc.2020.562945
https://doi.org/10.1016/j.ejrad.2020.109214
https://doi.org/10.1007/s00330-018-5639-0
https://doi.org/10.1148/radiol.2017161872
https://doi.org/10.2214/ajr.11.6812
https://doi.org/10.1186/1748-717x-8-83
https://doi.org/10.1088/1361-6560/aa9e1b
https://doi.org/10.1177/0284185117692174
https://doi.org/10.1007/s10140-019-01687-y
https://doi.org/10.1007/s00330-020-07195-9
https://doi.org/10.1007/s00330-015-4092-6
https://doi.org/10.1007/s00330-015-4092-6
https://doi.org/10.1007/s00330-018-5483-2
https://doi.org/10.1148/radiol.11101425
https://doi.org/10.1148/radiol.11101425
https://doi.org/10.2214/ajr.20.23528
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

Liu et al.

Radiomics Predicting Chemotherapy Response

54. Pan Z, Pang L, Ding B, Yan C, Zhang H, Du L, et al. Gastric Cancer Staging
With Dual Energy Spectral CT Imaging. PloS One (2013) 8(2):e53651.
doi: 10.1371/journal.pone.0053651

Xu JJ, Taudorf M, Ulriksen PS, Achiam MP, Resch TA, Nielsen MB, et al.
Gastrointestinal Applications of Iodine Quantification Using Dual-Energy
CT: A Systematic Review. Diagnostics (Basel) (2020) 10(10):814. doi: 10.3390/
diagnostics10100814

Wang ZL, Li YL, Li XT, Tang L, Li ZY, Sun YS. Role of CT in the Prediction of
Pathological Complete Response in Gastric Cancer After Neoadjuvant Chemotherapy.
Abdom Radiol (NY) (2021) 46(7):3011-8. doi: 10.1007/500261-021-02967-3
Jacobsen MC, Schellingerhout D, Wood CA, Tamm EP, Godoy MC, Sun J,
et al. Intermanufacturer Comparison of Dual-Energy CT Iodine
Quantification and Monochromatic Attenuation: A Phantom Study.
Radiology (2018) 287(1):224-34. doi: 10.1148/radiol.2017170896

55.

56.

57.

Conflict of Interest: Author S-sL was employed by the company Siemens
Healthineers Ltd.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or

endorsed by the publisher.

Copyright © 2021 Liu, Zhang, Wang, Lin, Lu, Liang, Liang, Li, Lv and Gao. This is an
open-access article distributed under the terms of the Creative Commons Attribution
License (CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Oncology | www.frontiersin.org

September 2021 | Volume 11 | Article 740732


https://doi.org/10.1371/journal.pone.0053651
https://doi.org/10.3390/diagnostics10100814
https://doi.org/10.3390/diagnostics10100814
https://doi.org/10.1007/s00261-021-02967-3
https://doi.org/10.1148/radiol.2017170896
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles

	Predicting Response to Systemic Chemotherapy for Advanced Gastric Cancer Using Pre-Treatment Dual-Energy CT Radiomics: A Pilot Study
	Introduction
	Materials and Methods
	Patients
	Systemic Chemotherapy Regimen and Treatment Response Evaluation
	Evaluation of Treatment Response
	CT Image Acquisition
	Image Analysis
	Tumor Segmentation and Feature Extraction
	Feature Selection and Radiomics Model Establishment
	Clinical Model and Nomogram Establishment
	Evaluation and Comparison of Model Performance
	Statistical Analysis

	Results
	Clinical Characteristics
	Radiomics Feature Selection
	Evaluation and Comparison of Model Performance
	Evaluation of Clinical-Radiomics Nomogram Performance

	Discussion
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages false
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 300
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


