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Dual-phase contrast-enhanced CT-based
intratumoral and peritumoral radiomics

for preoperative prediction of lymphovascular
invasion in gastric cancer

Yun-hui Zhou', Yang Liu', Xin Zhang?, Hong Pu'" and Hang Li""

Abstract

Background To develop and validate a dual-phase contrast-enhanced computed tomography (CT)-based
intratumoral and peritumoral radiomics for the prediction of lymphovascular invasion (LVI) in patients with gastric
cancer.

Method Three hundred and eighty-three patients with gastric cancer (training cohort, 269 patients; test cohort, 114
patients) were retrospectively enrolled between January 2017 and June 2023. Radiomics features were extracted
from the intratumoral volume (ITV) and peritumoral volume (PTV) on CT images at arterial phase (AP) and venous
phase (VP), and selected by the least absolute shrinkage and selection operator. Radiomics models were constructed
by logistic regression. The clinical-radiomics combined model incorporating the most predictive radiomics signature
and clinical risk factors were developed with multivariate analysis. Receiver operating characteristic (ROC) curves were
used to evaluate the prediction performance of models.

Results Clinical model comprised of three clinical risk factors including tumor differentiation, CT-reported lymph
node metastasis status and CT-TNM staging showed good performance with an area under the ROC curve (AUC) of
0.804 and 0.825 in the training and test cohort, respectively. Compared with the other radiomics models, dual-phase
(AP +VP) CT-based ITV+PTV radiomics model presented superior AUC of 0.844 and 0.835 in the training and test
cohort, respectively. Clinical-radiomics combined model further improved the discriminatory performance (AUC,
0.903) in the training and test cohort (AUC, 0.901). Decision curve analysis confirmed the net benefit of clinical-
radiomics combined model. Subgroup analyses showed that the clinical-radiomics nomogram showed the best
performance with an AUC of 0.879 and 0.883 for predicting LVI in T1-T2 and T3-T4 gastric cancer compared with the
clinical model and the ITV +PTV-AP + VP radiomics model, respectively.
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Conclusions Clinical-radiomics combined model integrating clinical risk factors and dual-phase contrast-enhanced
CT-based intratumoral and peritumoral radiomics signatures provided favorable performance for predicting LVI in

gastric cancer.

Keywords Lymphovascular invasion, Gastric cancer, CT, Nomograms

Introduction
Gastric cancer is the fifth most common malignant neo-
plasms, and it ranks the third leading cause of cancer-
related deaths globally [1, 2]. Surgical resection remains
the main treatment option for resectable gastric cancer,
with additional therapy methods used as supplements
when necessary. There is an urgent need for a solution
to the problem of post-operative tumor recurrence and
metastasis that affect the prognosis of the patients with
gastric cancer. Although TNM staging guidelines could
be used to obtain reliable prognostic indications, it has
been noted that assessment of the prognosis of patients
with gastric cancer based on TNM staging alone is not
always satisfactory. Lymphovascular invasion (LVI) is
defined as the presence of tumor thrombi in the vascu-
lar and/or lymphatic wall infiltration or the presence of
tumor emboli with an endothelial-lined space. LVI in gas-
tric cancer is an independent risk factor for patient prog-
nosis, especially in advanced cancers with lymph node
metastases (LNM) [3-5]. Even patients with early gastric
cancer with LVI positive had a higher rate of recurrence
and a lower overall survival rate of 3-5 years than those
with a negative LVI status [6]. Therefore, these studies
suggested that the preoperative prediction of LVI can be
helpful in facilitating risk stratification and change the
strategy regarding the use of adjuvant therapy for high-
risk patients [3, 7]. However, LVI is mainly determined by
postoperative tumor pathology specimen detection, and
the preoperative prediction of LVI is remains difficult.
Some studies have focused on preoperative predic-
tion of LVI using contrast-enhanced computed tomog-
raphy (CT). Ma et al. reported that CT attenuation
difference of tumor on multiphasic dynamic CT images
is associated with LVI, but repeatability measurement
of inter-observer has not determined [8]. Previous stud-
ies showed CT-based radiomics of gastric cancer could
predict lymph node metastasis, tumor Lauren classifica-
tion, perineural invasion and response to neoadjuvant
therapy and showed favorable performance [9-12]. A
recently study focused on prediction of LVI by combin-
ing dual-phase CT-based radiomics and clinical factors,
and showed the moderate discriminatory performance
[13]. However, most of these studies only focused on
intratumoral regions, while peritumoral regions, which
may have important information about the tumor, were
excluded [14]. Tumor heterogeneity exists not only in
cancer cells but also in nonmalignant cells and infiltrat-
ing cells around the tumor, usually referred to as the

peritumoral microenvironment. To our knowledge,
there are few studies on the prediction of LVI based on
intratumoral and peritumoral radiomics of dual-phase
contrast-enhanced CT images. Therefore, the purpose
of this study is to develop and validate a dual-phase con-
trast-enhanced CT-based intratumoral and peritumoral
radiomics for preoperative prediction of LVI in gastric
cancer.

Materials and methods

Patients

This study was approved by the institutional review board
and requirement to obtain written informed consent was
waived because of the retrospective nature of the study.
472 patients with gastric cancer between January 2017
and June 2023 were retrospectively enrolled in this study.
The median time between the diagnosis and surgery was
7 days (range, 3—45 days). All the patients underwent
follow-up after surgery and were evaluated at 3 months
intervals in the first year and 6-month intervals for the
next 2-years. Thereafter, annual review was performed.
CT scans and/or endoscopically were determined to
identify recurrence and metastasis. The inclusion criteria
consisted of (a) pathologically confirmed primary gastric
adenocarcinoma; (b) performing radical tumor resection;
(c) undergoing enhanced CT examination within one
month prior to surgical resection; and (d) without other
synchronous malignant tumors. Among the 472 patients,
89 patients were excluded for the following reasons: (a)
receive neoadjuvant treatment prior to surgery (n=>55);
(b) poor image quality due to severe artifacts and distor-
tion (#=10) (c) the maximal diameter of tumor is less
than 6 mm, insufficient to place a valid volume of interest
(VOI) (n=24). The remaining 383 patients (275 men, 108
women; mean age, 63.0 + 11.3years) were finally enrolled
in this study (Fig. 1). The whole cohort was randomly
stratified into training and test cohort at the ratio of 7:3.

Imaging protocol

The 383 patients underwent contrast-enhanced 256-sec-
tion spiral CT (SOMATOM Force CT and GE Revolution
CT). The patients were advised to fast from solid food for
at least 8 h and drink 600-1000 ml water in two hours
prior to CT examination. The acquisition parameters
for contrast enhanced CT were as follows: 120 kV tube
voltage, automated tube current, reconstruction section
thickness of 3 mm, matrix 512x512. Iohexol (Omnip-
aque, GE Healthcare, 350 mg iodine/ml) was injected
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472 consecutive patients with LVI January 2017 and June 2023

89 patients were excluded for

(a) accept neoadjuvant treatment prior to
surgery, (n=55)

(b) poor image quality due to severe

artifacts and distortion, (n=10)

(¢) the maximal diameter of tumor is less

than 6 mm, insufficient to place a valid

volume of interest (VOI), (n=24)
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383 patients was finally enrolled
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LVI+(n=163) || LVI-(n=106)

Fig. 1 Flowchart of patient selection

into the cubital vein at a dose of 1.2-1.5 mL/kg and at a
rate of 2-3mL/s. Intelligent triggering technology deter-
mined the time of arterial phase (AP) scanning. The AP
scan was triggered by an automatic threshold (120 HU),
and the venous phase (VP) image acquisition was per-
formed after a 30s delay.

Clinical feature

The clinical factors included the age, gender, tumor loca-
tion, CA19-9 level and carcinoembryonic antigen (CEA)
level. All patients underwent radical resection of the
tumor. The subjective CT features were independently
evaluated and recorded by two radiologists (the first and
last author, with 3 and 10 years of experience in abdomi-
nal imaging, respectively), who were blinded to the his-
topathology and the clinical history. If the results were
inconsistent, they were resolved by consultation. Sub-
jective CT features were evaluated as follows: thickness
of the tumor, measured at the maximal thickness of the
tumor on transverse CT imaging; maximum diameter of
tumor, measured at the tumor’s largest cross-sectional
area on transverse CT imaging; T-staging, defined as the
depth of primary tumor infiltrating into the gastric wall
[15]; CT- LNV, if the short-axis diameter was larger than

A 4

Validation cohort(n=114)

\4 v

LVI+(n=78) || LVI-(n=36)

6 mm for perigastric LN and larger than 8 mm for extra-
perigastric LN [16].

Clinical factors and subjective CT features were ana-
lyzed by the univariate and multivariate logistic regres-
sion analysis in the training cohort. The area under the
receiver operating characteristic (ROC) curve (AUC)
was calculated to evaluate the performance of the clinical
model in the training and test cohort.

Histologic analysis

Preoperative tumor differentiation was evaluated by
endoscopic biopsy according to the WHO classification
of tumors of the digestive system [17]. Postoperative his-
topathological specimens were analyzed by two patholo-
gists. If the results were inconsistent, they were resolved
by consultation. LVI defined as the presence of tumor
thrombi in the vascular and/or lymphatic wall infiltra-
tion or the presence of tumor emboli with an endothelial-
lined space. The diagnosis of LVI was classified according
to the 8th American Joint Committee on Cancer Stag-
ing (AJCC) system [18]: VO, V1, V2 indicate no venous
invasion, microscopic venous invasion, and macroscopic
venous invasion, respectively. LO and L1 indicate lym-
phatic invasion negative and lymphatic invasion positive,
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Fig. 3 Lesion segmentation of a typical gastric cancer on dual-phase contrast-enhanced CT images

respectively. LO and VO were defined as LVI negative
while V1-2 and L1 were defined as LVI positive.

Tumor segmentation

A flowchart of radiomics process is shown in Fig. 2.
Tumor delineation was performed on the entire three-
dimensional tumor volume on CT images by the first
radiologist (the first author) using ITK-SNAP software
(www.itksnap.org). A manually defined region of inter-
est (ROI) was firstly delineated to cover the whole tumor
area on CT images at VP, and then applied to CT images
at AP with slight adjustment to acquire the tailored ROIs.
For the segmentation of peritumoral regions, the manual
delineations were similar to the original study [12]. An

example of lesion segmentation is shown in Fig. 3. Blood
vessels and air are avoided as much as possible.

Thirty patients’ data were randomly selected for assess-
ing interobserver and intraobserver agreement of fea-
tures extraction by intraclass correlation coefficient (ICC)
analysis. Features with ICC coefficients greater than 0.8,
indicating good stability and reliability, were retained for
further analysis.

Radiomics feature selection and radiomics model
construction

A total of 1037 radiomics features, including first-order
features of 18 intensity statistics and 14 3D shape features,
24 Gy-level co-occurrence matrix (GLCM), 16 Gy-level
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size zone matrix (GLSZM), 16 Gy-level run length matrix
(GLRLM), 5 neighboring gray-tone difference matrix
(NGTDM), and 14 Gy-level dependence matrix (GLDM)
features and features with two filters, and 744 wavelet
features and 186 LoG filtered features with a sigma of 2.0
and 3.0. R software (version 3.5.1), were extracted from
intratumoral and peritumoral regions. The maximum rel-
evance and minimum redundancy were first performed
to select the top 20 radiomics features. The least absolute
shrinkage and selection operator (LASSO) regression
was further used to select radiomics features. Finally, the
optimized subset of features was obtained using mul-
tiple logistic regression. Selected features were weighted
by their respective coefficients to construct a radiomics
signature. The most predictive radiomics signature score
(radscore) was selected by AUC value for the subsequent
analysis.

The nomogram construction and evaluation

The most predictive radiomics signatures, clinical fac-
tors, and subjective CT features were used to establish
the clinical-radiomics combined model. A nomogram
was generated for predicting LVI. ROC curves were gen-
erated to assess the discriminatory ability. Decision curve
analysis (DCA) was used to evaluate clinical utility of the
nomogram. A calibration curve was generated to cali-
brate the nomogram.

Statistical analysis

Statistical analyses were performed at SPSS (version 23.0)
and R software. The relationship between clinical baseline
characteristics and LVI was evaluated by Chi-squared
test, independent two-sample t test, and Fisher’s exact
test (where appropriate). ROC analysis was carried out to
evaluate the model discrimination performance. The pre-
dictive performance of the nomogram was evaluated by
Calibration plots. DCA was used to evaluate the clinical
usefulness of the nomograms. The differences of AUCs
between the models were compared using Delong’s test.

Results

Patient characteristics

Among the 383 patients (mean age, 63.0 years; range
21-88 years), 269 patients were in the training cohort
(163 LVI+and 106LVI -) and 114 patients were in the
test cohort (78 LVI +and 36 LVI-). The rates of LVI + were
60.59% (163/269) and 68.42% (78/114) in the training and
test cohorts, respectively. Significant differences were
found in tumor size, depth of invasion, CT-reported
lymph node status, CT-TNM staging, and differentiation
status between LVI+and LVI- in the training cohort and
test cohort (all P<0.05). There were no significant dif-
ferences in the age, tumor location, the level of CA19-9
and CEA between LVI+and LVI- in both cohorts (all
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P>0.05). The characteristics of the patients between
LVI+and LVI- in both cohorts were given in Table 1.

Feature selection, development, and test of radiomics
models

A total of 6, 3, 6, 1, 6, 5, and 5 radiomics features were
selected to construct ITV-AP, PTV-AP, ITV-VP, PTV-VP,
ITV+PTV-AP, ITV+PTV-VP, and ITV+PTV-AP + VP
radiomics signature, respectively. The final formula of the
Radscore used to predict LVI is shown in Table 2. Among
all the radiomics models, combining ITV and PTV at
dual-phase CT-based radiomics model (ITV+PTV-
AP + VP radiomics model) resulted in the highest capa-
bility for predicting LVI, with AUCs of 0.844(95%CI:
0.792-0.896) and 0.835 (95%CI: 0.756-0.915) in the
training cohort and test cohort, respectively. Multivariate
logistic regression analysis revealed that LVI was inde-
pendently predicted by ITV+PTV-AP+VP radscore,
differentiation status, CT-reported lymph node metas-
tasis status, and CT-TNM staging (Table 3). Therefore,
a nomogram was constructed by adding the ITV +PTV-
AP + VP radscore [odds ratio (OR)=2.95] to the clinical
factors [differentiation status (OR=0.3)] and subjective
CT features [CT-reported lymph node metastasis sta-
tus (OR=5.06) and CT-TNM staging (OR=2.67)]. The
establishment of the clinical-radiomics nomogram and a
summary of the performance for each model were shown
in Fig. 4and Table 4. Compared with the clinical model,
the clinical-radiomics combined model provided a higher
AUC in the training cohort (0.903 vs. 0.804, p=0.06)
and test cohort (0.901 vs. 0.825, p=0.2). Compared with
the ITV+PTV-AP + VP radiomics model, the clinical-
radiomics combined model provided a higher AUC in the
training cohort (0.903 vs. 0.844, p=0.003) and test cohort
(0.901 vs. 0.835, p=0.02).

Clinical utility

The calibration curve showed that the three models
fit well in both the training cohort and the test cohort,
among which the combined clinical-radiomics nomo-
gram was the best (Fig. 5). The result of the DCA indi-
cated that the nomogram had more benefit than the other
models for predicting LVI when the threshold probability
ranged from 0.15 to 0.95 in the training cohort and from
0.22 to 0.95 in the test cohort (Fig. 5).

Subgroup analyses

Subgroup analyses of the nomogram, clinical model
and radiomics model are shown in Tables 5and Fig. 6.
There were 31 LVI + patients and 53 LVI- patients at the
T1-2 stage. The clinical-radiomics nomogram showed
higher AUC than that of clinical model (0.879 vs. 0.837,
p=0.265) and ITV+PTV-AP+VP radiomics model
(0.879 vs. 0.803, p=0.054) for predicting LVI+at the
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Table 1 Clinical factors and subjective CT features of patients
Characteristics Training cohort(n=269) Test cohort(n=114)
LVI-(n=106) LVI+(n=163) P LVI-(n=36) LVI+(n=78) P
Agelyear) 629+116 624+£116 0.737 65.6(10.8) 63.6(10.9) 0.348
Sex 0.022 0.955
Male 69(65.1%) 128(78.5%) 24(66.7%) 54(69.2%)
Female 37(34.9%) 35(21.5%) 12(33.3%) 24(30.8%)
Tumor location 0.059 0.853
upper 1/3 23(21.7%) 23(14.1%) 6(16.7%) 12(15.4%)
middle 1/3 22(20.6%) 30(18.4%) 7(19.4%) 16(20.5%)
lower 1/3 50(47.2%) 74(45.4%) 14(38.9%) 25(32.1%)
>2/3 1(10.4%) 36(22.1%) 9(25.0%) 25(32.1%)
Tumor size (mm) 43.3£237 555+27.2 <0.001 502+19.1 623+£218 0.004
Tumor thickness (mm) 15.7+6.28 18.1+637 0.002 17.3(7.18) 18.7(7.22) 0.346
CT-Depth of invasion <0.001 0.008
T1~T2 42(39.6%) 24(14.7%) 11(30.6%) 7(8.97%)
T3~T4 64(60.4%) 139(85.3%) 25(69.4%) 71(91.0%)
CT-LNM <0.001 <0.001
Negative 54(50.9%) 16(9.8%) 19(52.8%) 2(2.56%)
Positive 52(49.1%) 147(90.2%) 17(47.2%) 76(97 4%)
CT-Tumor stage <0.001 <0.001
[~Il 70(66.0%) 39(23.9%) 26(72.2%) 13(16.7%)
I~V 36(34.0%) 124(76.1%) 10(27.8%) 65(83.3%)
Differentiation <0.001 <0.001
Poor/undifferentiated 55(51.9%) 138(84.7%) 19(52.8%) 68(87.2%)
Well/moderate 51(48.1%) 25(15.3%) 17(47.2%) 10(12.8%)
CA19-9 1 0919
Normal (5.0 mg/ml) 85(80.2%) 130(79.8%) 31(86.1%) 65(83.3%)
Elevated (>5.0 mg/ml) 21(19.8%) 33(20.2%) 5(13.9%) 13(16.7%)
CEA 0.850 0.128
Normal (<37.0u/ml) 88(83.0%) 138(84.7%) 32(88.9%) 58(74.4%)
Elevated (>37.0u/ml) 18(17.0%) 25(15.3%) 4(11.1%) 20(25.6%)

Data are number of patients (%) or pvalue; Pvalues were obtained with the chi-square test, and a pvalue<0.05 indicates a significant difference in patients’
clinicopathological characteristics between cases with positive LVl and cases with negative LVI;

LVI: lymphovascular invasion; CT: Computed Tomography; LNM: lymph node metastasis; CEA: carcinoembryonic antigen; CA19-9: carbohydrate antigen 19-9;

T1-2 stage. Both the clinical-radiomics nomogram and
ITV+PTV-AP+ VP radiomics model achieved higher
sensitivity (1.000 vs. 0.903) than that of clinical model at
the T1-2 stage. There were 210 patients with LVI+and
89 patients with LVI- at the T3-4 stage. The clinical-
radiomics nomogram showed higher AUC than that of
clinical model (0.883 vs. 0.756, p<0.001) and ITV +PTV-
AP + VP radiomics model (0.883 vs. 0.828, p<0.001) for
predicting LVI + at the T3-4 stage.

Discussion

In this study, we developed and validated several
radiomics models, clinical model and clinical-radiomics
nomogram for prediction of LVI in gastric cancer. We
found that the clinical-radiomics nomogram showed the
best performance than the other models for predicting
LVI in gastric cancer with the AUC of 0.903 and 0.901
in the training cohort and test cohort, respectively. For
subgroup analyses, our results showed clinical-radiomics

nomogram also showed best performance with AUC of
0.879 and 0.883 for predicting LVI in T1-T2 and T3-T4
gastric cancer, respectively.

Several previous studies have shown that CT-based
radiomics could be used to predict LVI in gastric can-
cer [19-21]. Consistent with these findings, our results
showed that intratumoral radiomics model could predict
LVI in gastric cancer with moderate diagnostic perfor-
mance. Fan et al. reported that radiomics model inte-
grating PET/CT (first-order and GLCM) and enhanced
CT radiomics features (Shape, first-order, GLDM, and
GLSZM) achieved AUC of 0.849 [20]. We also found
some of the similar radiomics features such as first-order
and GLDM in intratumoral radiomics model. It should
be noted that PET/CT is not a routine tool for preopera-
tive assessing gastric cancer. Several studies also showed
enhanced CT radiomics features derived from intratu-
moral region could predict LVI (AUC, 0.603-0.785) [13,
22-24]. However, these previous studies were essentially
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Table 2 Radiomics signature score formula of different models in the training cohort

VarName

Formula

[TV-AP
radiomics model

PTV-AP

Radscore = -2.413*wavelet HHH_gldm_Low Gray Level Emphasis+-1.953*wavelet. HHL_gldm_Gray Level Variance+-
1.469*wavelet HLH_glcm_Cluster Tendency + 1.692*wavelet HHL _glcm_Difference Average +0.799*wavelet HLH_first order_
Median + 1.121*wavelet HHH_ngtdm_Complexity+-2.437*wavelet HLL_glcm_Ildm + 1.5*wavelet HHL_glcm_Contrast+0.718

Radscore =0.483*original_shape_Minor Axis Length+-0.33*log.sigma.2.0.mm.3D_gldm_Small Dependence Low Gray Level

radiomics model

ITV-VP
radiomics model

Emphasis+0.401*wavelet.LHH_glszm_Small Area Low Gray Level Emphasis+0.664

Radscore=21.127*wavelet HHH_gldm_Small Dependence High Gray Level Emphasis+-11.605*wavelet HHH_glcm_Sum
Squares+-3.413*wavelet HHH_glcm_Maximum Probability + 3.894*wavelet HHH_glcm_ldn + 1.843*wavelet HLL_gldm_

Small Dependence Emphasis+-11.803*wavelet.LLL_glcm_Maximum Probability + -0.265

PTV-VP radiomics
model

ITV+PTV-AP radiomics
model

Minor Axis Length+0.664

Radscore =0.483*original_shape_Minor Axis Length+-0.33* original_shape_Minor Axis Length +0.401* original_shape_

Radscore =-3.176* ITV_AP_ wavelet HHH_gldm_Low Gray Level Emphasis+ 1.788% ITV_AP_ original_glcm_ldm-+-3.273*
ITV_AP_ wavelet.LLL_glcm_Maximum Probability +2.275* ITV_AP_ wavelet. HHH_ngtdm_Complexity + 1.453* [TV_AP_

waveletHHL_glcm_Contrast+-5.613* ITV_AP_ wavelet.LHH_glrim_Short Run Emphasis+0.347

ITV+PTV-VP radiomics
model

Radscore =0.428*ITV_VP_wavelet.HLL_glszm_Size Zone NonUniformity+-0.216*ITV_VP_original_gldm_Small Dependence
Low Gray Level Emphasis+-0.33*ITV_VP_waveletHLL_glcm_Cluster Shade +0.702*PTV_VP_wavelet HHH_glcm_Cluster

Prominence+-2.445%TV_VP_wavelet HHL_glszm_Small Area Low Gray Level Emphasis+0.389

[TV+PTV-AP+VP
radiomics model
HLH_glszm_Zone%+0.217
Clinical model
Nomogram

Radscore =0.347*PTV_VP_original_shape_Elongation +0.768*ITV_AP_waveletHLL_glcm_Correlation+-3.555*ITV_AP_wave-
letHLL_glrlm_Low Gray Level Run Emphasis+0.619*PTV_VP_original_shape_Minor Axis Length+-3.064*ITV_AP_wavelet.

Model =-0.816-1.21*Differentation + 1.622*CT-LNM +0.982*CT-TNM staging
Model = -0.861-1.343*Differentation + 1.364*CT-LNM + 0.649*CT-TNM staging + 0.898*ITV + PTV-AP + VP Radscore

Cl: confidence intervals; AUC: the area under the receiver operating characteristic curve; ITV: intratumoral volume; PTV: peritumoral volume; AP: arterial phase; VP:

venous phase

Table 3 Univariate and multivariate logistic regression analysis for clinical characteristics and radiomics signature score in the training

cohort
Parameters Univariate analysis P Multivariate analysis P
OR 95%Cl OR 95%Cl
Gender 0.94 0.52,1.70 0.844
Age 0.99 0.97,1.01 0.391
CEA 0.89 046,172 0.719
CA19-9 1.07 0.55,2.08 0.991
Tumor Differentation 0.20 011,035 <0.001 0.30 0.16,0.57 <0.001
CT-TNM staging 747 4.29,13.04 <0.001 267 1.30,549 0.009
CT-LNM 11.91 6.15,23.06 <0.001 5.06 222,11.54 <0.001
CT-Depth of invasion 425 239,757 <0.001
Tumor location 1.34 1.03,1.74 0.031
Tumor thickness 1.07 1.02,1.12 0.003
Tumor maximum diameter 1.02 1.01,1.04 <0.001
[TV+PTV-AP +VP radscore 295 2.16,4.03 <0.001 246 1.78,3.38 <0.001

CEA: carcinoembryonic antigen; CA19-9: carbohydrate antigen 19-9; CT: Computed Tomography; TNM: Tumor Node Metastasis; LNM: lymph node metastasis;

Radscore: radiomics score; OR: odds ratio

based on intratumoral radiomics features. Some studies
have shown that the peritumoral region still carried some
relevant information about primary tumor in gastric
cancer [25, 26]. Thus, we selected and integrated differ-
ent intratumoral and/or peritumoral radiomics features
and constructed model. In this study, we also found simi-
lar radiomics features with these previous studies, such
as GLCM, GLDM, GLRLM, and GLSZM. Moreover,
our study also showed other useful radiomics feature
such as Shape from peritumoral region instead of intra-
tumoral region. In the peritumoral radiomics features,
Shape features, particularly the Minor Axis Length, were

of paramount importance. This feature indicated tumor
growth patterns and boundaries in relation to surround-
ing tissues, indirectly reflecting tumor infiltrative behav-
ior. Although peritumoral radiomics model had lower
performance than that of intratumoral radiomics model
for predicting LVI (AUC, 0.626 vs. 0.789 for AP; 0.638
vs. 0.750 for VP), adding it to intratumoral radiomics
features further improved the predictive ability (AUC,
0.794 for VP) in the validation group. This finding was
consistent with Liu et al. who also confirmed peritumoral
radiomics model had lower performance than that of
intratumoral radiomics model for predicting pathological
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A ROC curves of nomogram, radiomics model and
clinical model for LVl in the training cohort

Page 8 of 12

B ROC curves of nomogram, radiomics model and
clinical model for LV1 in the validation cohort
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responses after neoadjuvant chemotherapy in advanced
gastric cancer [27]. Despite Yardimci et al. [28] indicated
that intratumoral enhanced CT radiomics model using
Random Forest algorithms achieved good performance
(AUC, 0.894), there were only 68 patients in the study,

which may result in overfitting. The detailed comparison
of radiomics models is shown in Table S1.

Moreover, by establishing combined radiomics mod-
els derived from both intratumoral and peritumoral
radiomics features on AP and VP, we could achieve a
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Table 4 Prediction performance of different models in the training cohort and test cohort

Data set Model AUC(95%Cl) Accuracy (%) Specificity (%) Sensitivity (%)

Training cohort [TV-AP radiomics model 0.827(0.770-0.884) 0.833 0.660 0.935
PTV-AP radiomics model 0.677(0.612-0.743) 0.602 0.800 0.494
[TV-VP radiomics model 0.755(0.694-0.817) 0.758 0515 0.905
PTV-VP radiomics model 0.652(0.586-0.718) 0632 0.653 0.620
ITV+PTV-AP radiomics model 0.827(0.770-0.884) 0.833 0.660 0.935
[TV +PTV-VP radiomics model 0.800(0.742-0.857) 0.729 0.785 0.699
ITV+PTV-AP +VP radiomics model 0.844(0.792-0.896) 0.766 0.832 0.730
Clinical model 0.804(0.749-0.859) 0.788 0.626 0.882
Nomogram 0.903(0.863-0.943) 0.848 0.758 0.900

Test cohort [TV-AP radiomics model 0.789(0.689-0.890) 0.807 0.500 0.986
PTV-AP radiomics model 0.626(0.524-0.728) 0.605 0.766 0493
[TV-VP radiomics model 0.750(0.653-0.848) 0.754 0.585 0.849
PTV-VP radiomics model 0.638(0.536-0.741) 0.623 0.591 0.643
ITV+PTV-AP radiomics model 0.789(0.689-0.890) 0.807 0.500 0.986
[TV +PTV-VP radiomics model 0.794(0.708-0.880) 0711 0.633 0.769
ITV+PTV-AP +VP model 0.835(0.756-0.915) 0.763 0.851 0.701
Clinical model 0.825(0.747-0.903) 0.772 0.558 0.901
Nomogram 0.901(0.841-0.962) 0.886 0.767 0.958

Cl: confidence intervals; AUC: the area under the receiver operating characteristic curve; ITV: intratumoral volume; PTV: peritumoral volume; AP: arterial phase; VP:

venous phase

more comprehensive understanding of tumor complex-
ity. Our finding showed that the ITV+PTV-AP+VP
radiomics model performed better than the other
radiomics models, with the AUCs of 0.844 and 0.835 in
the training and test cohort, respectively. The ITV +PTV-
AP+ VP radiomics model included five radiomics fea-
tures, as Elongation, Minor Axis Length, Correlation,
Low Gray Level Run Emphasis, Zone%. The first two
shape features were extracted from peritumoral region,
and the other features were extracted from intratumoral
region. Low Gray Level Run Emphasis and Zone% were
the two main features that showed stabler and better
classification capability for the LVI in gastric cancer. The
negative coefficient of the two features could discriminate
the heterogeneous texture distribution, implying notable
tumor heterogeneity. This result indicated the role of the
intratumoral and peritumoral regions for the prediction
of LVI in the gastric cancer.

However, when combining the intratumoral and
peritumoral radiomics features of dual phase contrast-
enhanced CT, the role of PTV-AP radscore seemed to
be not enough important for the prediction of LVI. The
possible explanation could be as follow: Lymphangio-
genesis and angiogenesis are mainly distributed in the
area around the tumor, and subjected to the tumor cells’
replication compression, the lymphatic vessels in the
intratumoral areas shrink, collapse, shut, and become
nonfunctional [29]. At the same time, the lymphatic
vessels in the peritumoral areas or at the tumor mar-
ginal area are often enlarged and dilated [30, 31]. Most
advanced gastric cancers with good enhancement grad-
ually experience significant transmural enhancement

from the arterial phase to the portal vein phase [32, 33].
Most of the tumor lesions present as bilayers in the arte-
rial phase, with a moderately enhanced inner layer and
a mildly enhanced outer layer. With the extension of the
scanning time, the enhancement of the outer layer of
the tumor increased and gradually converged with the
enhancement of the inner region [34]. Compared with
the arterial phase, the portal vein phase may reflect more
functional angiogenesis of the tumor and represent the
distribution of contrast agents in the space. Therefore,
peritumoral area of tumor in the venous phase may pro-
vide more useful information for evaluating LVI than that
in the arterial phase.

Previous studies indicated that a radiomics signature
combined with clinical risk factors may be a viable sub-
stitute in the absence of a single reliable factor to pre-
dict LVI [13]. In this study, we combined the clinical
risk factors with the radiomics signatures to construct
a clinical-radiomics nomogram. Our study showed the
clinical-radiomics nomograms achieved higher diagnos-
tic performance than that of clinical model and radiomics
model. Furthermore, DCA showed that the clinical-
radiomics nomogram adds more benefit than either the
radiomics model or clinical model for predicting LVI. For
subgroup analyses, we found that the clinical-radiomics
nomogram also showed higher AUC than that of clini-
cal model and radiomics model both in T1-T2 stage and
T3-T4 stage. Compared with T3-T4 stage, the sensitiv-
ity of CT for detecting LNM in T1-T2 stage was lower
because the evaluation of lymph node status by CT
images mainly relies on morphological features and most
of the lymph node size in T1-T2 stage was normal [35,
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A Calibration curves of models in the training cohort B Calibration curves of models in the validation cohort
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Table 5 Subgroup analysis

Subgroup Model AUC(95%ClI) Sensitivity Specificity

T1-2 [TV +PTV-AP +VP model 0.803(0.706-0.900) 1 0.019
Clinical model 0.837(0.741-0.934) 0.903 0415
Nomogram 0.879(0.802-0.957) 1 0.019

13-4 [TV+PTV-AP +VP model 0.828(0.770-0.885) 1 0.011
Clinical model 0.756(0.691-0.821) 0.990 0.180
Nomogram 0.883(0.886-0.929 1 0.011

Cl: confidence intervals; AUC: the area under the receiver operating characteristic curve

36]. On the contrary, radiomics signature was not influ-
enced by T staging and still maintained high sensitivity
for predicting LNM [36]. Therefore, when combining
clinical factors (AUC, 0.879 vs. 0.837) and radiomics fea-
tures (AUC, 0.879 vs. 0.803) further improved the diag-
nostic performance because they are not completely
identical and could complement each other.

There are several limitations in this study. Firstly, the
potential observers’ variation concerning both patho-
logical and radiological could not be ignored despite we

have developed a detailed measurement and evaluation
process. In the future, multi-center collaborative research
is needed to obtain larger data support and improve the
reliability and universality of research. Secondly, this
study only included arterial phase CT and venous phase
CT-based radiomics analysis, while delay phase CT was
not included. Third, the medical images were acquired
with different machines and parameters that could affect
radiomics features. However, in clinical practice, differ-
ent protocols are performed in different centers, and this
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Fig. 6 Receiver operating characteristic (ROC) curves of radiomics model, clinical model, and clinical-radiomics nomogram for predicting LVI in T1-T2
stage (A) and T3-T4 stage (B) of gastric cancer

can in turn improve reproducibility in the multicenter

studies.

Conclusion

In conclusion, our study suggests a clinical-radiomics

nomogram that combining
enhanced CT-based

intratumoral

dual-phase contrast-
and peritumoral

radscore, tumor differentiation status, CT-LNM, and
CT-TNM staging achieved good prediction performance

for preoperative predicting LVI.

This preoperative assess-

ment would aid in selecting a personalized treatment
plan, such as neoadjuvant therapy, and evaluating the

prognosis.
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