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Abstract
Objectives The present study aimed to investigate the clinical prognostic significance of radiomics signature (R-signature) in
patients with gastric cancer who had undergone radical resection.
Methods A total of 181 patients with gastric cancer who had undergone radical resectionwere enrolled in this retrospective study.
The association between the R-signature and overall survival (OS) was assessed in the primary cohort and verified in the
validation cohort. Furthermore, the performance of a radiomics nomogram integrating the R-signature and significant clinico-
pathological risk factors was evaluated.
Results The R-signature, which consisted of six imaging features, stratified patients with gastric cancer who had undergone
radical resection into two prognostic risk groups in both cohorts. The radiomics nomogram incorporating R-signature and
significant clinicopathological risk factors (T stage, N stage, and differentiation) exhibited significant prognostic superiority over
clinical nomogram and R-signature alone (Harrell concordance index, 0.82 vs 0.71 and 0.82 vs 0.74, respectively, p < 0.001 in
both analyses). All calibration curves showed remarkable consistency between predicted and actual survival, and decision curve
analysis verified the usefulness of the radiomics nomogram for clinical practice.
Conclusions The R-signature could be used to stratify patients with gastric cancer following radical resection into high- and low-
risk groups. Furthermore, the radiomics nomogram provided better predictive accuracy than other predictive models and might
aid clinicians with therapeutic decision-making and patient counseling.
Key Points
• Radiomics can stratify the gastric cancer patients following radical resection into high- and low-risk groups.
• Radiomics can improve the prognostic value of TNM staging system.
• Radiomics may facilitate personalized treatment of gastric cancer patients.
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Abbreviations
AIC Akaike information criterion
CT Computed tomography
HR Hazard ratio
ICCs Interclass correlation coefficients
LASSO Least absolute shrinkage

and selection operator
OS Overall survival
R-scores Radiomics scores
R-signature Radiomics signature
ROI Region of interest
TNM Tumor-node-metastasis

Introduction

Although its overall incidence has decreased, gastric cancer
remains the fourth most common form of malignancy and the
second leading cause of cancer-associated death worldwide [1].
Surgical resection is regarded as the main curative approach for
gastric cancer; however, the 5-year survival rate following re-
section is still less than 33% due to high rates of recurrence and
metastasis [2]. Although preoperative and postoperative adju-
vant chemotherapy have been recommended for patients with
resectable gastric cancer [3], not all patients benefit from these
treatments [4]. For these reasons, it is crucial to stratify a pa-
tient’s risk and develop a personalized treatment plan.

In routine clinical practice, prognostic predictions for pa-
tients with gastric cancer are primarily based on the tumor-
node-metastasis (TNM) staging system [5]. However, it is com-
mon for patients with gastric cancer of the same stage who have
undergone complete resection to exhibit heterogeneous out-
comes [6]. These suggest that the present staging system is
inadequate for determining patient prognosis [7]. Although re-
cent advances in the field of molecular biology suggest an in-
creasingly important role for biomarkers in prognostic analysis,
most biomarkers are not yet available for application in clinical
settings, and their application is limited by high cost and com-
plex protocols [8]. Therefore, it is necessary to identify a novel
and reliable biomarker that can ensure more accurate prediction
of outcomes in patients with resectable gastric cancer.

Non-invasive computed tomography (CT) has been widely
adopted for differential diagnosis, preoperative assessment,
and therapeutic evaluation in patients with gastric cancer [9,
10]. Recent studies also demonstrated that routine CT imaging
could be used to predict outcomes in patients with various
types of cancer, including gastric cancer [11]. However, the
prognostic utility of routine medical imaging is inherently
limited by interreader accuracy and reproducibility [12].
Advancements in medical imaging technology and analytical

methods have led to the development of radiomics—a field of
study dedicated in part to transforming these medical images
into high-dimensional, mineable data that can be used to ob-
jectively and quantitatively profile tumor phenotypes in a ro-
bust and reproducible manner [13]. Radiomics hypothesizes
that these models hide important biological and medical data
that can provide additional information for diagnosis, progno-
sis, and other forms of prediction in clinical practice [14]. For
example, Huang et al [15] demonstrated that a radiomics panel
could be used to predict disease-free survival in patients with
early-stage lung cancer when used in conjunction with the
traditional prognostic model. Additional studies reported as-
sociations between radiomics features and prognosis in pa-
tients with glioma and nasopharyngeal cancer [16]. These
results highlighted the potential clinical utility of radiomics
features as prognostic biomarkers, which could assist with
advanced clinical decision-making [17].

Recently, few studies to date had focused on the application
of radiomics in patients with gastric cancer. Giganti et al [18]
investigated the association between CT texture and overall
survival (OS) in 56 patients, which revealed that CT texture
analysis could be applied in the prognostic analysis of gastric
cancer. Moreover, Liu et al [19] explored the application of CT
texture analysis in predicting histopathological features of gas-
tric cancer. They found the portal venous CT texture correlated
significantly with differentiation degree and Lauren classifica-
tion, and the CT imaging features of standard deviation, entro-
py, and minimum attenuation in the arterial phase reflected the
vascular invasion [19]. However, these studies were limited by
their small sample sizes, lack of independent validation, and the
limited clinical utility of single-feature models. Thus, the reli-
ability and validity of radiomics biomarkers for gastric cancer
require further investigation. In the present study, we aimed to
develop and validate a radiomics signature (R-signature) for the
prediction of OS in patients with gastric cancer following cura-
tive resection and to subsequently identify whether a novel
nomogram integrating this R-signature and independent clini-
copathological risk factors can provide more accurate predic-
tions of prognosis among such patients.

Patients and methods

Patients

The present study was approved by the Institutional Review
Board of Guizhou Provincial People’s Hospital and waived
the requirement for informed consent due to the retrospective
nature of the study. In total, 181 consecutive patients with gastric
cancer who had undergone radical gastrectomy with D2
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lymphadenectomy between September 2012 and October 2015
were enrolled in this study. The inclusion criteria were as fol-
lows: (a) underwent radical gastrectomy with D2 lymphadenec-
tomy and R0 resection (no residual tumor), (b) pathologically
confirmed as gastric cancer, (c) more than 15 examined lymph
nodes, and (d) contrast-enhanced abdominal CTwithin 15 days
before radical gastrectomy. The exclusion criteria were as fol-
lows: (a) non-tumor-related causes of death, (b) received preop-
erative therapy or postoperative radiotherapy, (c) with distant
metastasis or peritoneal dissemination, (d) with other malignant
tumors, (e) incompletemedical records, and (f) insufficient qual-
ity of CT imaging. The recruitment process is shown in
Supplemental Material (Figure S1). These patients were divided
into primary and validation datasets in a 2:1 ratio using an ap-
proach based on probability, with simple random sampling.
Baseline demographic and clinicopathological characteristics
were retrospectively extracted from the electronic medical re-
cords of each patient. Pathologic specimens were independently
reviewed and restaged in accordance with the AJCC 8th edition
TNM staging system (2016) by two gastrointestinal pathologists
with at least 10 years of experience who were blinded to the
clinical data. CT imaging data were obtained from the picture
archiving and communications system of our institution. CT
scanner and acquisition parameters are described in the
Supplemental Material.

CT scanner and acquisition parameters

Contrast-enhanced abdominal CT was performed for all pa-
tients using a first-generation Siemens dual-source CT system
(Siemens Healthcare). Oral doses of water (600–1000 mL)
were administered to ensure stomach distension prior to CT
examination. No anti-cholinergic agent was used. The scan-
ning parameters were as follows: 120 reference kV with auto-
mated kilovoltage selection technology; 180 reference mAs
with automated tube current modulation system; detector col-
limation, 64.0 mm × 0.6 mm; field of view, 350 mm ×
350 mm; matrix, 512 × 512; helical pitch, 1; rotation, 0.5 s;
and 5 mm reconstruction section thickness. Arterial- and por-
tal venous-phase scans were acquired following delays of 25–
30 s and 60 s, respectively, after an intraphase injection of
contrast medium (3–4 mL/s, 1.5 mL/kg; Ultravist 370,
Bayer Schering) via a syringe pump.

Follow-up period

The endpoint of interest was OS, which was calculated from the
date of operation until the date of tumor-related death or the
date of the final follow-up. All patients were followed up until
October 2017. The minimum follow-up was 2 years, and the
maximum was 5 years (average, 26 months). Follow-up visits
were performed every 3 months for the first 2 years, every

6 months during years 2–5, and yearly thereafter. Visits were
conducted on an outpatient basis or via telephone interviews.

Segmentation and feature extraction

First, image segmentation was processed before extraction of
radiomics features. In order to compare the superiority between
two-dimensional (2D)and three-dimensional (3D)segmentation,
each 2D and 3D region of interest (ROI) was manually drawn
along the margin of the tumor on the slice with the largest tumor
cross section and all slices containing the tumor in portal venous
phase. ROI segmentation was completed using the open-source
software ITK-SNAP (www.itk-snap.org). The segmentation
procedure was performed by two professional radiologists with
more than 10 years of experience. For 2D segmentation, a slice
with the largest tumor cross sectionwas selected together by two
radiologists. If the consensus in selecting the slice could not be
reached, it would be resolved by a third experienced radiologist
with 15 years. For 3D segmentation, the whole tumor volume
outlining was done under the consensus of two radiologists with
5 years and 10 years, respectively.

In order to investigate the prognosis of gastric cancer, we
utilized radiomics methods to extract quantitative and mine-
able features for ROI analysis. Two-dimensional features were
extracted on the slice with the largest tumor cross section, and
3D features were extracted from the ROI of volume for each
patient. The procedure of radiomics method is shown in
Fig. 1. In total, four groups of radiomics features were extract-
ed from the selected ROIs: (1) shape and size features, (2)
image intensity features, (3) textural features, and (4) wavelet
features. Shape and size features (shape, area, compactness,
etc.) were to reflect the phenotype of each ROI. Gray intensity
features were used to determine the difference between the
gray histogram and gray distribution for each ROI. Textural
features were used to examine voxel regulation within each
ROI. Wavelet features were used to examine changes in gray
intensity and textural features. A detailed explanation of the
feature extraction method can be found in the Supplemental
Material. All feature extraction methods were implemented
using Matlab 2015a (MathWorks). In order to validate the
stability of the radiomics features, we assessed the interob-
server agreement of feature extraction using interclass corre-
lation coefficients (ICCs) [20]. An ICC of greater than 0.75
was considered acceptable.

Feature selection and development of the R-signature

Features were selected using the least absolute shrinkage and
selection operator (LASSO) method and subsequently used to
develop a LASSO Cox regression model. The LASSO meth-
od was an accepted algorithm for feature selection in high-
dimensional variables [21]. The tuning parameter λ was es-
sential for LASSO feature selection: larger λ values exerted no
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effect on the estimated regression parameters; however, as the
value of λ decreased, some coefficients may decrease as well,
approaching zero. Cross-validation was applied to optimize the
value of λ, and the model was constructed using the selected λ.
Coefficients of indistinctive covariateswere reduced to zero, and
the remainingnon-zerocoefficientswereselected.Weused these
non-zero features to obtain Akaike information criterion (AIC)
estimates of the quality of eachmodel [22]. Finally, the non-zero
coefficients of the selected features were defined as
radiomics scores (R-scores). We then calculated the R-
signature—the combination of R-scores for all selected
features—for patients in both the primary and validation cohorts.

Prognostic model and individualized nomogram
analysis

The potential association between R-signatures and OS was
first assessed in the primary cohort and validated in the vali-
dation cohort. We performed the Kaplan-Meier survival anal-
ysis for both cohorts. All patients would be divided into high-

risk and low-risk groups based on the median R-score: pa-
tients with scores higher than the median were placed in
high-risk groups. We validated the R-signature in the clinical
subgroups by stratified analysis to determine the OS. We used
Cox proportional hazards models to calculate the Harrell con-
cordance index (C-index) of the R-signature. Multivariate
Cox regression analyses were applied to develop a diagnostic
model for gastric cancer survival using the primary cohort.
Backward stepwise selection was performed using the likeli-
hood ratio test, with the AIC as the stopping rule. To provide
the clinician with a quantitative tool for the prediction of OS
for each patient, we developed a clinical nomogram and a
radiomics nomogram using data from the primary cohort.
The clinical nomogram was developed using independent
clinical risk factors. Multivariate Cox regression was used to
develop the radiomics nomogram based on the R-signature
and these clinical risk factors. Furthermore, we validated these
two nomograms by plotting calibration curves demonstrating
the performance of OS estimates, based on the significance of
the C-index. The C-index, which ranges from 0.5 to 1.0, is

Fig. 1 The procedure of radiomics analysis. a From four patients with the
regions of interest (ROIs). b The phenotype of delineation to show the
heterogeneity in the lesions. c Extraction of features from ROIs, such as

semantic features, intensity, texture, and wavelet features. d Prediction
and analysis for the overall survival of gastric cancer
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commonly used to evaluate the performance of prognostic
models in survival analysis. Its higher values revealed that it
had greater ability to group patients into different disease pro-
gressions. We performed bootstrap analysis for C-index sta-
tistics that had been corrected for potential overfitting. We
plotted calibration curves to assess the true survival probabil-
ity against the predicted probability-based nomogram.
Moreover, the G-rho rank test was used to calculate the rela-
tive hazard ratio (HR) [23]. A decision curve analysis was also
performed to demonstrate the net clinical benefit of the
radiomics nomogram and the clinical nomogram at certain
threshold probabilities.

Statistical analysis

Statistical analyses were performed using R software (version
3.4.2; http://www.R-project.org) and Matlab 2015b
(MathWorks). The R packages used included BSurvival,^
Bglmnet,^ Brms,^ BHmisc,^ and BGlmnet,^ which were
utilized for feature selection using the LASSO algorithm. To
assess the risk of model overfitting, we calculated the
complexity of the estimated model and the optimal
combination of the selected radiomics features based on the
AIC. Based on the results of the multivariate analysis, a
nomogram was developed using the rms package, and the
performance of the nomogram was evaluated based on the C-
index, which was calculated using the Hmisc package.We used
SPM12 in Matlab 2015b to analyze the CT data. Features and
clinical variables were compared between the two cohorts, and
clinical variables were compared between high-risk and low-
risk groups in primary and validation cohorts independently.
The two-sample t test or the Wilcoxon rank-sum test was used
to compare continuous variables, and Pearson’s chi-square test
or Fisher’s exact test was used to compare categorical variables.
A weighted log-rank test was used to compare the survival
curves of the high-risk and low-risk groups. The level of statis-
tical significance was set at p < 0.05. We used Spearman’s
correlation test to examine the potential correlation between
the selected radiomics features and pathological tumor
characteristics.

Results

Analysis of clinical data

The clinical characteristics of the primary and validation co-
horts are presented in Table S1, and the clinical characteristics
between the high-risk and low-risk groups in primary and
validation cohorts are shown in Table 1. The result revealed
no significant differences in clinical variables or R-scores be-
tween the primary and validation cohorts (the p range of 0.23–
0.56). As of the final follow-up, the number of cancer-related

deaths was 57 (49.5%) and 36 (54.5%) for the primary and
validation cohorts. The mean OS was 26 months and
25 months, respectively. Our feature stability analysis showed
that the ICC for most of radiomics feature was high.
Therefore, all outcomes were based on the measurements of
the first radiologist.

Construction of the regression model based
on R-signature

For 2D analysis, we extracted 273 radiomics features from the
selected ROIs for the prediction of OS. First, we randomly select-
ed 30 patients to determine the ROIs from which features would
be extracted. We observed no significant differences between
measurements reported by two independent readers for any of
the selected features, with p values ranging from 0.134 to 0.915.
The interobserver ICCs of allmetricswere calculated based on the
measurements of the two readers, which revealed that five
radiomics features did not align with the inclusion criteria. The
ICCs of all other features ranged from 0.75 to 1, indicative of
good stability. A total of 268 radiomics features were reduced to
12 potential features (Fig. 2). We then refined the model based on
the AIC, following which six features were selected for the de-
velopment of the R-signature (Fig. 2c). The R-score was then
calculated according to the following formula: R-score =
(SSF_Area_ to_c i rcumference_ ra t io × 0 .887) −
(WLH_IIF_skewness × 0.163) − (WHH_IIF_mean × 3.13) −
(WHH_GLCM_IMC2 × 7.02) − (WHL_GLRLM_LRHGLE ×
0.0124) + (WHH_GLRLM_energy × 0.000001). The p values
for proportional hazard (PH) assumptions ranged from 0.233 to
0.994. Therefore, we regarded the subsequent estimates of OS as
meaningful.

For 3D analysis, we extracted 485 radiomics features
from the selected ROIs for the prediction of OS. We
calculated the R-signature—the combination of nine se-
lected 3D features—for patients in both the primary and
validation cohorts. The R-score was then calculated ac-
cording to the fol lowing formula: R-score = −
( S S F _ S p h e r i c a l _ d i s p r o p o r t i o n × 0 . 2 4 2 ) +
( W H H H _ I I F _ m e d i a n × 0 . 1 0 6 ) +
( G LCM_m a x i m um _ p r o b a b i l i t y × 0 . 0 0 2 ) +
( W L H H _ G L C M _ e n e r g y × 0 . 1 2 8 ) −
(WLHL_GLCM_maximum_probabil ity × 0.031) −
(WHHL_GLCM_maximum_probability × 0.009) −
( W H H H _ G L C M _ c o r r e l a t i o n × 0 . 1 6 6 ) +
( W L L H _ G L R L M _ L R H G L E × 0 . 2 0 7 ) +
(WHHH_GLRLM_RLN × 0.204).

Validation of the predictive utility of the R-signature

The LASSO Cox regression model revealed that the 2D R-
signature combined by 2D radiomics features was associated
with OS in the primary cohort (p = 1.1e−12; HR = 1.37; 95%
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confidence interval (CI) = 1.25, 1.50). Moreover, this result
was replicated in the validation cohort (p = 1.3e−4; HR = 4.0;
95% CI = 1.97, 8.15) (Fig. 3a, b). We also observed that lower
R-scores were generally associated with better OS. When pa-
tients were stratified based on clinical risk factors, R-signature
was significant to classify the patients into high- and low-risk
groups (Supplementary Figure S2). Especially, the 2D R-

signature can classify the patient in TNM stage of II and III
(Fig. 3c, d).

For 3D radiomics features, we performed the Kaplan-
Meier survival analysis for both cohorts. The LASSO Cox
regression model revealed that the 3D R-signature was asso-
ciated with OS in the primary cohort (p = 1.1e−9; HR = 6.99;
95% CI = 4.21, 11.63). However, the performance of LASSO

Table 1 Patient characteristics and clinicopathological variable characteristics between the high-risk and low-risk groups in primary and validation
cohorts

Characteristic Primary cohort Validation cohort

High risk Low risk p value High risk Low risk p value

Age (years)* 58 (58.96 ± 11.44) 59 (56.91 ± 12.52) 0.44a 62 (59.45 ± 10.59) 62 (60.39 ± 12.04) 0.797b

Gender
Male 41 (72) 39 (67) 0.686 24 (73) 19 (58) 0.301
Female 16 (28) 19 (33) 9 (27) 14 (42)

Tumor size
< 5 cm 23 (40) 31 (53) 0.192 19 (58) 18 (55) 1
≥ 5 cm 34 (60) 27 (47) 14 (42) 15 (45)

Tumor localization
Proximal 4 (7) 8 (14) 0.471c 1 (3) 2 (6) 0.82
Middle 13 (23) 11 (19) 8 (24) 6 (18)
Distal 40 (70) 39 (67) 24 (73) 25 (76)

Differentiation
Well + moderate 12 (21) 15 (26) 0.661 4 (12) 15 (45) 0.006
Poor + undifferentiated 45 (79) 43 (74) 29 (88) 18 (55)

Type of surgery
Subtotal gastrectomy 46 (81) 51 (88) 0.316 27 (82) 29 (88) 0.733
Total gastrectomy 11 (19) 7 (12) 6 (18) 4 (12)

T stage
T2 0 (0) 7 (12) < 0.001 0 (0) 3 (9) 0.002
T3 3 (5) 18 (31) 1 (3) 9 (27)
T4a 54 (95) 33 (57) 32 (97) 21 (64)

N stage
N0 3 (5) 34 (59) < 0.001c 0 (0) 20 (61) < 0.001
N1 7 (12) 12 (21) 1 (3) 7 (21)
N2 13 (23) 9 (15) 12 (36) 4 (12)
N3a 23 (41) 3 (5) 12 (36) 2 (6)
N3b 11 (19) 0 (0) 8 (25) 0 (0)

TNM stage
I 0 (0) 5 (8) < 0.001 0 (0) 3 (9) < 0.001
II 3 (5) 30 (52) 0 (0) 16 (49)
III 54 (95) 23 (40) 33 (100) 14 (42)

Lymphovascular invasion
Negative 18 (32) 34 (59) 0.005 9 (27) 24 (73) < 0.001
Positive 39 (68) 24 (41) 24 (73) 9 (27)

Neural invasion
Negative 29 (51) 38 (66) 0.132 19 (58) 22 (67) 0.612
Positive 28 (49) 20 (34) 14 (42) 11 (33)

Adjuvant chemotherapy
No 26 (46) 20 (34) 0.256 15 (45) 16 (48) 1
Yes 31 (54) 38 (66) 18 (55) 17 (52)

Values in parentheses are percentages unless indicated otherwise

*Values are median (range)
a p value derived from two-sample t test
b p value derived from the Wilcoxon rank sum test with continuity correction
c p value derived from Pearson’s chi-square test; the other p value was derived from Fisher’s exact test
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Cox model was validated in the validation cohort (p = 9.8e−1;
HR = 1.72; 95% CI = 0.83, 3.55), which showed no signifi-
cant association for prediction of OS.

Therefore, the R-signature combined by 2D radiomics fea-
tures was included in the subsequent analysis.

Performance of R-signature in individualized
nomogram with OS prediction

A Cox regression analysis identified R-signature, T stage, N
stage, and differentiation as independent risk factors. The indi-
vidualized prediction model for OS was visualized as a nomo-
gram (Fig. 4). The utility of the R-signature is demonstrated in
Fig. 4c, which includes the clinical nomogram and the
R-signature. Figure 4b, d depicts the calibration curves of the
nomograms for theprobability ofOSat 1year, 2 years, or 3years
after surgery. Our findings indicated that inclusion of the R-
signature in the radiomics nomogram improved performance
relative to observation alone. We also calculated the C-index,
calibratedC-index,HR,andAICestimates foreachof themodels
(R-signature, radiomics nomogram, and clinical nomogram)
(Table 2). The radiomics nomogram demonstrated that the pre-
dictive capability of the model was improved when the R-
signature was integrated with independent clinicopathological
risk factors (C-index for the radiomics nomogram = 0.82; 95%

CI = 0.77, 0.87). The lowest AIC (408.3), highest C-index, and
highest HR were observed for the radiomics nomogram, which
exhibited better predictive performance than the clinical nomo-
gram (C-index= 0.71; 95%CI = 0.64, 0.79). To demonstrate the
contributionof theR-signature,weplotteddecisioncurvesfor the
clinical nomogram and radiomics nomogram. As shown in
Fig. 4e, the net benefit of the radiomics nomogram was higher
than that of the clinical nomogram at a certain threshold
probability.

Potential association between radiomics features
and pathological tumor characteristics

We found that five radiomics features associated with prognosis
were respectively correlated with at least one clinicopathological
characteristics, including differentiation, tumor size, N stage,
TNM stage, and neural invasion (Spearman’s rho coeffi-
cient = 0.26 to 0.38; p < 0.05). More details are shown in sup-
plementary material and Figure S3.

Discussion

In the present study, we developed and validated a novel, CT-
based, prognostic R-signature to improve the prediction of OS

Fig. 2 Radiomics feature
selection and weight of each
coefficient. Feature selection for
the prediction of OS using the
LASSO Cox regression model
[1]. a Tuning parameter (λ)
selection in the LASSO model
involved the use of tenfold cross-
validation with minimum criteria.
bWe examined the coefficients of
the 273 radiomics features to
identify 12 potential predictors. c
We used the AIC to optimize the
radiomics model developed with
these 12 features. Finally, six fea-
tures with p values less than 0.296
were used to build the LASSO
Cox regression model. The y-axis
represents the contribution of the
feature to the development of the
R-signature. The x-axis represents
the features that contribute to the
R-signature in the LASSO Cox
regression model. Features with
negative coefficients are labeled
with a minus sign (-)
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among patients with gastric cancer following curative resec-
tion. Our results demonstrated that this signature could be
used to stratify these patients into high- and low-risk groups
based on OS, even those within the same clinical stage (TNM
stages II–III). We further developed a radiomics nomogram
based on the R-signature and independent clinicopathological
risk factors (T stage, N stage, and differentiation), which pro-
vided better predictive accuracy than the use of the clinico-
pathological nomogram, and R-signature alone. Thus, the R-
signature enhanced the prognostic utility of the TNM stage.

Intratumor heterogeneity is correlated with poor outcomes
among patients with gastric cancer [24]. Indeed, the TNM stag-
ing system has continuously improved in accordance with the
evolution of methods for diagnosis and treatment. However, it
has been recognized that the TNM staging system—which is
entirely based on the anatomical characteristics of the tumor—
fails to reflect the innate biological heterogeneity of the tumor
and is, thus, insufficient for providing complete and precise
prognostic information. In contrast to traditional clinical stag-
ing, the radiomics approach extracts features based on the char-
acteristics of the entire tumor as identified via medical imaging,

providing a robust yet non-invasive method for characterizing
intratumor heterogeneity. Therefore, radiomics features can
provide more accurate and comprehensive information for use
in conjunction with the TNM staging system [25]. To test this
hypothesis, we performed a stratification analysis in the valida-
tion cohort of the present study. Due to the small sample size,
we were unable to perform this analysis in patients with stage I
tumors. However, the R-signature stratified patients with stage
II and III tumors into high-risk and low-risk subgroups, further
suggesting that this signature could be used to provide addition-
al prognostic information and refine the traditional risk stratifi-
cation system for patients with gastric cancer. Tumor heteroge-
neity is also dependent on initial variations in genetic and mo-
lecular characteristics, which are generally implicated in tumor
recurrence and metastasis, and thus may be a crucial biomarker
for prognosis [26]. Previous studies reported that
proteogenomic and phenotypic information could be inferred
from radiologic images of the tumor [27]. Therefore, radiomics
approaches can permit non-invasive assessment of both genetic
and molecular heterogeneity and have the potential to advance
clinical decision-making.

Fig. 3 Results of the Kaplan-
Meier survival analyses according
to the R-signature. aWe observed
a significant association between
the R-signature and OS in the
primary cohort. b The association
was confirmed in the validation
cohort a. Dashed line = two-sided
CI of the survival curves (solid
line). Results of the Kaplan-Meier
survival analyses according to the
R-signature for patients in the
TNM stage II (c) and TNM stage
III (d) in the validation cohort
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Prognosis among patients with gastric cancer following
curative resection is dependent on complex and multifactorial
interactions. A single yet strong independent risk factor is
insufficient for accurate prediction of gastric cancer prognosis.
Furthermore, single factor is suitable for application at the
population/group level only, rather than the individual level.
Among the available predictive models, nomograms are ad-
vantageous in that they incorporate tumor-, patient-, and
treatment-related factors for a more accurate and quantified
prognostic evaluation at the individual level [28]. Previous
studies indicated that nomograms exhibit better performance

for predicting survival than the traditional TNM staging sys-
tem in patients with gastric cancer [29]. In the present study,
we integrated the R-signature and independent clinicopatho-
logical risk factors (T stage, N stage, and differentiation) to
develop a radiomics nomogram, which enabled significantly
better discrimination, calibration, and net reclassification than
the clinical nomogram and the R-signature alone when
predicting 1-year, 2-year, and 3-year OS. These results dem-
onstrated that the R-signature provided complementary prog-
nostic information, thereby improving the prognostic perfor-
mance of the TNM staging system.

Fig. 4 Clinical and radiomics
nomograms for the prediction of
OS, presented alongside the
assessments used for model
calibration, and decision curve
analysis for the clinical and
radiomics nomograms. a Clinical
nomogram developed based on
several representative clinical risk
variables. Results for the primary
cohort are shown. b Calibration
curves for the clinical nomogram.
Calibration of the clinical
nomogram was based on the
correspondence between the
predicted and observed outcomes
at 1 year, 2 years, and 3 years. c
Radiomics nomogram showing
the weight of each risk factor
when the R-score is included in
the clinical nomogram. d
Calibration curve for the
radiomics nomogram. The green
line represents the radiomics no-
mogram, while the pink line rep-
resents the clinical nomogram. e
Decision curve analysis to show
the comparison of performance.
The horizontal black line repre-
sents the assumption that no pa-
tients should take the necessary
measures, while the blue line
represents the assumption that all
patients should. The y-axis repre-
sents the net benefit, which was
calculated by adding points asso-
ciated with benefits and
subtracting those associated with
harms. Based on the threshold
probabilities obtained, our find-
ings indicated that the radiomics
nomogram provided a greater net
benefit than the clinical
nomogram
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Taken together, our findings indicated that the radiomics
nomogram would be a potential tool to improve the screening
of patients for individualized treatment. Patients whose predict-
ed OS is poor are more likely to experience relapse and metas-
tasis [2]. In such cases, aggressive postoperative adjuvant ther-
apy or intensive follow-up is indicated, while unnecessary or
inadequate treatment will be avoided in patients with favorable
prognoses [30]. Furthermore, the simple and visual representa-
tion provided by the nomogram will help patients understand
their survival expectations, enhance clinical decision-making,
and promote communication between doctors and patients.

The present study possesses some limitations of note. First,
our nomogram only included traditional clinical and pathologic
factors. The inclusion of additional variables such as molecular
biomarkers may have provided more accurate estimates of sur-
vival. Second, this study was a single-center, retrospective anal-
ysis and subjected to the inherent limitations of such investiga-
tion. Third, the median follow-up periods were relatively short
(26 months), which could reduce the incidence of endpoint
events, limiting our ability to identify potentially important var-
iables. Fourth, R-signature possessed prognostic significance
for patients with gastric cancer following radical resection, but
the features of which merely possessed weak correlations with
pathological tumor characteristics. We considered that, in addi-
tion to the small sample size, lacking the other clinical, patho-
logical, and molecular characteristics of tumor might be the
important reason. Lastly, ROI was segmented in the largest
cross section instead of whole-tumor volume. The 3D
radiomics features were worse than the 2D radiomics features
in the prognostic analysis in this study. However, previous stud-
ies indicated that the whole tumor volume analysis could pro-
vide more comprehensive tumor biological characteristics.

In conclusion, our findings demonstrated that R-signature
could be used to stratify patients with gastric cancer following
radical resection into high- and low-risk groups. In addition, the
R-signature could be implemented to improve the prognostic
value of the TNM staging system. As our radiomics nomogram
exhibited improved discrimination, calibration, and net reclas-
sification ability relative to other models for prognostic predic-
tion, this nomogram might aid clinicians with therapeutic
decision-making and individualized patient counseling.
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