Ding et al. BMC Medicine  (2025) 23:656 BMC Medicine
https://doi.org/10.1186/512916-025-04393-4

RESEARCH Open Access

A mi : ®
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Abstract

Background Early postoperative recurrence in locally advanced gastric cancer (LAGC) severely compromises patient
outcomes, yet current predictive models are inadequate due to limited generalizability and insufficient validation. This
study aimed to establish and robustly validate a multimodal Radiomics-Clinical Integrated Risk Stratification Assess-
ment (RSA) model to accurately predict early recurrence.

Methods We retrospectively analyzed 2,516 LAGC patients from six hospitals across northern and southern China,
divided into training, internal validation, and external validation cohorts. Radiomics features were extracted from por-
tal venous-phase abdominal CT images using nnU-Net-based segmentation, followed by a hierarchical feature-selec-
tion framework integrating the mRMR algorithm and LASSO regression. A predictive RSA model combining clinical
factors and radiomics features was developed. Model robustness was validated internally, externally, prospectively
(clinical trial cohort, NCT01516944, n=569), and further independently tested using a publicly available dataset

from The Cancer Imaging Archive (TCIA, n=41).

Results The RSA model exhibited superior performance across all validation cohorts, achieving AUC values of 0.873
(training), 0.871-0.872 (internal validation), 0.870-0.873 (external validation), 0.857 (prospective validation), and 0.850
(TCIA validation). Decision curve analyses confirmed the RSA model provided significant clinical benefits beyond tra-
ditional models. Transcriptomic analyses revealed that low-risk patients exhibited enhanced immune infiltration

and significant activation of immune-related pathways, including IL6/JAK/STAT3 and interferon signaling. Multivari-
ate Cox regression demonstrated the RSA model independently predicted five-year overall survival across validation
cohorts (HR range: 1.830-2.166, all P <0.001), surpassing standard clinical staging.

Conclusions Our RSA model, integrating robust radiomics methodologies and critical clinical parameters, consist-
ently demonstrated high accuracy and clinical applicability in diverse populations, significantly improving prediction
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of early postoperative recurrence in LAGC. This approach provides novel insights into tumor-immune microenviron-
ment interactions, paving the way toward personalized postoperative management strategies.

Keywords Radiomics, Gastric Cancer, Early Recurrence, Multimodal Prediction, Tumor Immune Microenvironment

Background

Gastric cancer remains one of the most lethal malignan-
cies worldwide, especially in East Asia, where nearly half
of the global cases occur [1, 2]. Locally advanced gastric
cancer (LAGC) poses significant clinical challenges due
to its aggressive nature, frequent recurrence, and poor
prognosis despite standard surgical and adjuvant thera-
pies [3-5]. Postoperative recurrence within the early
follow-up period profoundly impacts patient survival,
emphasizing the critical need for precise predictive tools
that surpass traditional clinical and pathological assess-
ments [6, 7]. While current staging systems, such as the
TNM classification, offer foundational prognostic guid-
ance, their reliance solely on clinicopathological features
limits their ability to capture the complex biological het-
erogeneity inherent in gastric cancer, underscoring the
urgent necessity for integrating multidimensional bio-
markers [8—10].

Emerging evidence suggests that radiomics, which
extracts high-dimensional quantitative features from
medical imaging, provides promising opportunities to
noninvasively decode tumor biology and predict clinical
outcomes [11-15]. Recent advances in artificial intelli-
gence (AI) and machine learning methodologies have sig-
nificantly expanded the potential of radiomics, enabling
more nuanced and robust predictive modeling [16-18].
However, despite its promise, the clinical translation of
radiomics-based predictive models remains hindered
by inconsistent feature selection, lack of reproducibility
across different populations, and poor interpretability,
which limit their widespread adoption in clinical practice
[19, 20]. Moreover, existing radiomics-based predictive
models for gastric cancer recurrence frequently lack rig-
orous validation, particularly across diverse geographic
regions and clinical scenarios, further highlighting the
imperative for robustly validated multimodal approaches.

Motivated by these unmet clinical needs and meth-
odological gaps, we designed this study to develop and
validate an integrative predictive framework for early
postoperative recurrence in LAGC, harnessing advanced
radiomics, rigorous feature selection algorithms, and
comprehensive multimodal data fusion approaches.
Our primary objective was to establish a robust and
clinically actionable Radiomics-Clinical Integrated
Risk Stratification Assessment (RSA) model capable of
accurately predicting early recurrence, thereby facili-
tating precise patient stratification and personalized

clinical decision-making. Importantly, our study lev-
erages a large-scale multicenter cohort encompassing
geographically diverse patient populations from both
northern and southern China, supplemented by rigor-
ous internal and external validations, including an addi-
tional prospective multicenter clinical trial dataset.
Furthermore, we conducted comprehensive transcrip-
tomic profiling to elucidate the biological underpinnings
of radiomic signatures, providing mechanistic insights
into immune microenvironment characteristics associ-
ated with recurrence risks.

Thus, this study stands apart from previous literature
by combining methodological rigor, robust multicenter
validation, interpretability, and biological relevance,
addressing critical limitations of existing prognostic tools
in gastric cancer management. Our findings not only
promise substantial improvements in predictive accuracy
but also provide novel insights into the tumor immune
microenvironment, paving the way toward precision
oncology approaches that may transform postoperative
care and clinical outcomes in patients with LAGC.

Methods

Study cohort

This study leveraged a multicenter, prospectively curated
database established by the Hebei Gastric Cancer Col-
laborative Network (HGCCN), encompassing gastric
cancer cases reported from major healthcare institutions
in Hebei Province, China (http://hbss.suvalue.com/). We
retrospectively analyzed a cohort of patients with LAGC
diagnosed between 2012 and 2019, drawn from four
hospitals in Hebei [the Fourth Hospital of Hebei Medi-
cal University (FHHMU), Shijiazhuang People’s Hospital
(SJZPH), Baoding Central Hospital (BDCH), and Heng-
shui People’s Hospital (HSPH)] and two academic centers
in Southern China [Wuhan University People’s Hospital
(WHPH) and Nanjing Jinling Hospital (NJJLH)]. After
applying rigorous selection criteria outlined in the Addi-
tional file 3: Supplementary Methods, 2,516 eligible cases
were included in the analysis.

Cohorts for model training and validation were delin-
eated according to institution and treatment period.
The training dataset consisted of 926 patients treated
at FHHMU from 2014 to 2017. The internal validation
cohort, also from FHHMU, was divided into two tempo-
ral subsets: internal set I (2012—-2013; n=231) and inter-
nal set II (2018-2019; n=206). For external validation,
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patients from the other five hospitals were grouped by
geographic region: external validation set I included
314 patients from SJZPH, BDCH, and HSPH (Northern
China), and external validation set I comprised 229 cases
from WHPH and NJJLH (Southern China).

To further assess clinical applicability, we incorporated
an independent cohort of 569 LAGC patients from a
registered prospective trial (NCT01516944), comprising
both surgical and neoadjuvant chemotherapy cases. In
addition, we collected fresh tumor specimens from 114
patients for transcriptomic profiling to investigate the
model’s biological underpinnings. Technical details on
RNA sequencing and downstream analysis are available
in the Additional file 3: Supplementary Methods

This investigation was conducted in accordance with
the ethical standards of the Declaration of Helsinki, with
approval from local ethics committees. While informed
consent was waived for retrospective clinical data use,
all participants contributing biospecimens for RNA
sequencing provided written informed consent.

Clinical outcomes
This study adhered to postoperative treatment principles
outlined in national and international guidelines, specifi-
cally those from the Chinese Society of Clinical Oncology
[21] and the National Comprehensive Cancer Network
[22]. Patients with satisfactory physical performance
were advised to receive adjuvant chemotherapy regimens
incorporating 5-fluorouracil. Postoperative surveillance
followed a predefined schedule, starting with clinical
evaluations such as history-taking and physical exami-
nation, and incorporating laboratory testing, diagnostic
imaging, or endoscopy based on individual clinical needs.
The follow-up intervals varied with time since sur-
gery, occurring every 3 to 6 months during the initial
two years, then every 6 months in the third through
fifth years, and annually thereafter. Early recurrence was
defined as tumor relapse identified within 24 months
after curative-intent gastrectomy for LAGC, based on
radiological evidence (e.g., ultrasound, CT, or PET/CT),
clinical deterioration, or findings at reoperation [23-25].
Overall survival (OS) was calculated from the date of
surgery to death from any cause. In this analysis, early
recurrence was the primary clinical endpoint, with OS
considered as a secondary measure. The final follow-up
was conducted in June 2024, and the median follow-up
period was 66 months (range: 55—162 months).

Image acquisition and segmentation

All patients underwent contrast-enhanced abdominal
CT scans within two weeks prior to surgery, with portal
venous phase images retrieved from the picture archiv-
ing and communication system (PACS). Automated
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segmentation was performed using nnU-Net, a deep-
learning-based model designed for efficient segmenta-
tion through automatic configuration of preprocessing,
network architecture, and training parameters according
to dataset properties. In total, 200 CT scans with cor-
responding manual segmentation labels were included,
divided into a training set (n=160) and a test set (n=40).
The segmentation pipeline consisted of: (1) resam-
pling images to a voxel size of 1.25 mm X 0.93 mm X 0.93
mm? (2) CT intensity normalization using clipping
at the 0.5-99.5 percentile and Z-score standardiza-
tion; and (3) training a six-level 3D U-Net with channel
dimensions ranging from 32 to 320, employing Dice and
cross-entropy loss functions (Adam optimizer, learning
rate=3x10"%, batch size=2) over 1,000 epochs. Data
augmentation and five-fold cross-validation were also
conducted. The entire training and inference processes
were implemented using the PyTorch framework on a
Windows operating system, achieving a Dice coefficient
of 0.890. The nnU-Net model was subsequently used
to automatically segment the remaining patients’” CT
images, thereby generating three-dimensional regions of
interest (3D-ROI). Detailed CT acquisition parameters
for each participating center, including scanner models,
contrast protocols, and reconstruction settings, are pro-
vided in the Additional file 3: Supplementary Methods.

Radiomics feature selection

Radiomics features were extracted using 3D Slicer soft-
ware. To standardize CT images from different scan-
ners, all scans were resampled to isotropic voxels of
1x1x1 mm, and voxel intensity discretization was set to
a fixed bin width of 25. Initially, a total of 1,130 radiomics
features were extracted from each patient’s ROL. Prior to
feature selection, the ComBat harmonization algorithm
was applied to pool and harmonize imaging data from
multiple institutions, followed by Z-score normalization
to eliminate dimensional differences between features. To
evaluate the effectiveness of ComBat harmonization, we
performed principal component analysis (PCA) before
and after correction. PCA plots based on the first two
principal components were generated to assess clustering
by imaging center and dataset. As shown in Additional
file 1: Fig. S1, center-specific clustering was substantially
reduced following correction, indicating improved fea-
ture alignment.

A hierarchical feature-selection framework was devel-
oped to efficiently reduce dimensionality and retain prog-
nostically relevant information. Initially, 400 candidate
features were selected using the minimum redundancy
maximum relevance (mRMR) algorithm to optimize
information gain while minimizing redundancy (Addi-
tional file 1: Fig. S2A). Subsequently, candidate features
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underwent normality and homogeneity of variance
assessments, followed by statistical significance testing
(two-sample t-test or Mann—Whitney U test, two-tailed,
significance threshold p <0.05), resulting in 329 statisti-
cally significant features. A Pearson correlation matrix
was then constructed, and highly collinear features (cor-
relation coefficient >0.9) were excluded, leaving 249 non-
redundant features. Finally, the least absolute shrinkage
and selection operator (LASSO) regression with tenfold
cross-validation was applied, and an optimal regulari-
zation parameter (\) was identified using the minimum
standard error criterion, yielding eight features with non-
zero coefficients for further analysis (Additional file 1:
Fig. S2B-C).

Development and validation of the radiomics-driven
ensemble model

An ensemble learning strategy was employed to predict
early postoperative recurrence in patients with LAGC.
Multiple machine learning algorithms including logistic
regression, decision trees, ridge regression, support vec-
tor machines, and a voting regressor were integrated.
The voting regressor served as the meta-estimator, com-
bining the predictions of the base models by averaging
their outputs to construct a robust radiomics-based pre-
dictive model. To further evaluate the risk of overfitting
commonly associated with high-dimensional radiomics
features, we conducted two additional analyses to assess
model complexity and generalizability. First, a learning
curve was generated by progressively increasing the size
of the training set and plotting AUC values for both the
training and validation cohorts. As shown in Additional
file 1: Fig. S3, the training AUC demonstrated a gradual
decline with increasing data, while the validation AUC
remained stable around 0.81-0.82, suggesting limited
overfitting and good model generalization. Second, we
examined the relationship between model performance
and the number of selected radiomic features. Using a
stepwise approach, features were ranked by importance,
and models were incrementally built with increasing
feature subset sizes. As illustrated in Additional file 1:
Fig. S4, model AUC improved initially and then pla-
teaued after approximately 8 features, indicating that a
small number of informative features contributed most
to predictive performance. These findings confirm that
our feature selection strategy effectively balanced model
complexity and performance while minimizing overfit-
ting risk.

Development and evaluation of the multimodal RSA model
To enhance predictive performance, we developed a mul-
timodal RSA model by integrating clinical factors with
radiomic features. Univariate logistic regression was first
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used to assess the association between clinical variables
and early recurrence in the training cohort. Subsequently,
a multivariate logistic regression model was constructed
using independent clinical predictors of recurrence.
These clinical variables were then combined with radi-
omic features to build a nomogram-based RSA model.

Risk scores generated by the model were dichotomized
into high-risk and low-risk groups, using the Youden
index to determine the optimal cutoff that maximized
sensitivity and specificity. Model performance was evalu-
ated using multiple metrics, including the area under the
receiver operating characteristic curve (AUC), accuracy,
sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), positive likelihood ratio
(PLR), negative likelihood ratio (NLR), and F1-score.

To quantify the incremental value of the RSA model
over clinical-only or radiomics-only models, we calcu-
lated the net reclassification improvement (NRI) and
integrated discrimination improvement (IDI). Differ-
ences in AUC values between models were statistically
compared using the DeLong test. Calibration curves were
plotted to assess the agreement between predicted and
observed recurrence rates, and predictive performance
was further evaluated using prediction error curves and
the Brier score.

Biological characteristics and immune infiltration

To explore the biological basis of the radiomic features,
RNA sequencing was performed on 114 tumor tis-
sue samples from the study cohort. Functional enrich-
ment analysis was conducted to identify the biological
roles of relevant features. P-values were adjusted using
the Benjamini-Hochberg method to control the false
discovery rate (FDR), and gene sets with FDR-adjusted
p-values<0.05 were considered statistically significant.
Immune cell composition and tumor ecosystem struc-
ture were inferred using CIBERSORTx and the EcoTyper
framework, which enabled characterization of cell types,
cell states, and multicellular communities. For immune
score and cell composition comparisons between groups,
Wilcoxon rank-sum tests were performed, and p-values
were corrected using the Benjamini-Hochberg method.
Immune features with FDR-adjusted p-values <0.05 were
considered statistically significant.

To support external validation, an additional 38 tran-
scriptomic samples with matched CT imaging from the
TCIA (derived from TCGA-STAD) were incorporated.
While limited in scale, these publicly available samples
enabled cross-cohort consistency checks and multi-
modal integration. Detailed methods for RNA process-
ing, sequencing, and bioinformatics analysis are provided
in the Additional file 3: Supplementary Methods [26-35].
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Statistical analysis

All statistical analyses were performed using SPSS ver-
sion 28.0 (IBM) and R version 4.3.3 (http://www.r-proje
ctorg). Continuous variables were analyzed using
unpaired two-tailed t-tests or Mann—Whitney U tests,
as appropriate. Categorical variables were compared
using chi-square or Fisher’s exact tests. Cox propor-
tional hazards regression models (both univariate and
multivariate) were applied to evaluate the prognostic sig-
nificance of variables on survival outcomes. A two-sided
p-value of less than 0.05 was considered statistically sig-
nificant. Detailed statistical algorithms and procedures
are described in the Additional file 3: Supplementary
Methods.

Results

Patient characteristics

A total of 1,906 patients with LAGC were included, dis-
tributed across the training (n=926), internal valida-
tion (n=437), and external validation (n=543) cohorts.
Additional file 2: Table. S1 presents the detailed baseline
characteristics. Male patients accounted for 65.8% of the
total cohort, and 53.6% were older than 65 years. More
than three-quarters (75.7%) had tumors classified as
pT4, while 72.2% exhibited lymph node metastasis. The
distribution of ECOG performance status, tumor loca-
tion, and histological differentiation was comparable
among cohorts, with no substantial imbalance observed.
Systemic inflammation and nutritional indices were
stratified by cohort using median cut-offs, and their dis-
tributions were generally consistent. Early postopera-
tive recurrence occurred in 52.1%, 54.0%, and 55.8% of
patients in the training, internal, and external validation
cohorts, respectively. A comparison of clinicopathologi-
cal characteristics between patients with and without
recurrence in each cohort is provided in Additional file 2:
Table. S2.

Development and validation of the radiomics-based
ensemble model

An ensemble model based on radiomic features was con-
structed to predict early recurrence following curative

(See figure on next page.)
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surgery in LAGC patients (Fig. 1B). This integrative
approach outperformed each single machine learning
classifier in the training dataset, achieving an area under
the ROC curve (AUC) of 0.837 (95% CI: 0.812-0.863),
as presented in Additional file 1: Fig. S5. The model also
yielded robust sensitivity (0.774) and specificity (0.736),
detailed in Additional file 2: Table. S3.

Following successful development in the training set,
the ensemble model maintained high predictive accuracy
in the internal validation sets, with AUCs of 0.826 (95%
CI: 0.774—0.878) for validation set I and 0.827 (95% CI:
0.772-0.880) for validation set II (Additional file 1: Fig.
S6 and Additional file 2: Table. S3). Moreover, the model
consistently outperformed individual algorithms in both
external validation cohorts, achieving an AUC of 0.827
(95% CI: 0.780-0.874) in external validation set I and
0.820 (95% CI: 0.766-0.874) in external validation set II
(Additional file 1: Fig. S7 and Additional file 2: Table. S3).

Development and validation of the RSA prediction model
Multivariate logistic regression identified pathological
type, pT stage, pN stage, and radiomic features as inde-
pendent predictors of early recurrence (Additional file 2:
Table. S4). These variables were incorporated into a com-
bined nomogram, referred to as the Radiomics based
RSA model, which integrates clinical and radiomics data
(Fig. 2A). The RSA model demonstrated strong predictive
power, with an AUC of 0.873 (95% CI: 0.850-0.895) in
the training cohort (Figs. 2B-E; Additional file 2: Table.
S5).

Compared with single-modality models, the RSA
model provided significant incremental value. It showed
improved reclassification and discrimination over
the clinical model [NRI=0.416 (95%CI:0.298-0.534),
IDI=0.230 (95%CI:0.204—0.258); both P<0.001) and the
radiomics model (Additional file 2: Table. S6). DeLong
test further confirmed the superiority of the RSA model
(AUC: 0.873 vs. 0.751, P<0.001). The model demon-
strated excellent calibration (Brier score=0.144; Fig. 2F)
and greater net clinical benefit in decision curve analysis
(Fig. 2@G).

Fig. 1 Schematic Overview of Study Design and Workflow. A Radiomics analysis pipeline: abdominal CT images were segmented using

the nnU-Net algorithm, followed by extraction of radiomic features and construction of radiomic signatures. B Development and validation

of the RSA: an integrated predictive model incorporating radiomic and clinicopathological features was established to assess early recurrence
risk in LAGC patients. C Bioinformatics analysis: transcriptomic profiling of 38 TCIA patients and 114 prospectively collected tumor samples

was performed to explore the biological underpinnings and immune infiltration patterns associated with radiomic features and RSA-defined
risk groups. D Patient cohort distribution: a total of 2,516 LAGC patients with preoperative CT imaging were included from six medical centers
and public databases. Contributing institutions: Center 1 — The Fourth Hospital of Hebei Medical University; Center 2 — Shijiazhuang People’s
Hospital; Center 3 - Baoding First Central Hospital; Center 4 — Hengshui People’s Hospital; Center 5 — Nanjing Jinling Hospital; Center 6 — Renmin

Hospital of Wuhan University
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Patients were stratified into high- and low-risk groups
using the Youden index. The RSA model identified more
recurrence cases in the high-risk group than the clinical
model (40.8% vs. 39.8%; Fig. 2H), and five-year OS was
significantly lower in high-risk patients (43.4% vs. 57.4%;
P<0.001; F ig. 2I). Multivariate Cox regression confirmed
the RSA model as an independent prognostic factor for
OS (HR=1.416, 95% CI: 1.011-1.983; P=0.043; Addi-
tional file 2: Table. S7).

Subgroup analyses based on blood tumor markers and
molecular features (HER2 and PD-L1 expression) also
supported the RSA model’s superior performance in
recurrence prediction (Figs. 2]-K, Additional file 1: Fig.
S8-9, Additional file 2: Table. S8). Across all subgroups,
high-risk patients had significantly worse five-year OS
(Additional file 1: Fig. S10). Ten-fold cross-validation
and bootstrap resampling (1,000 iterations) confirmed
the model’s robustness, with a consistently higher AUC
(mean=0.8724, 95%CI: 0.8717-0.8732) than clinical-
only (0.7501) and radiomics-only models (0.8374)
(Figs. 2L-M).

Internal cohort-based evaluation of the radiomics-clinical
RSA model

To further validate the RSA model, we retrospectively
analyzed 437 LAGC patients treated at FHHMU. Based
on treatment periods, these patients were categorized
into two internal validation subsets: set I (January 2012—
December 2013, n=231) and set II (January 2018-
December 2019, n=206) (Fig. 1D). Clinical profiles were
well-balanced between the two groups (all P> 0.05; Addi-
tional file 2: Table. S9).

In validation set I, the RSA model demonstrated clear
advantages over the clinical-only and radiomics-only
models, with an AUC of 0.871 (95% CI: 0.826-0.915;
Figs. 3A-C, 3E; Additional file 2: Table. S10). The supe-
riority was statistically supported by the DeLong test
(P<0.001; Additional file 2: Table. S6). Compared with
the clinical model, RSA vyielded significant gains in
reclassification and discrimination metrics (NRI=0.559,
95% CI: 0.275-0.832; IDI=0.232, 95% CI: 0.177-0.285;

(See figure on next page.)
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both P<0.001), along with good calibration (Brier
score=0.149; Fig. 3D). Similar model performance was
observed in validation set II (F igs. 3I-M; Additional
file 2: Table. S10).

The two-layer concentric circle plots illustrated a
greater proportion of early recurrence cases correctly
identified as high risk by the RSA model compared to the
clinical model (set I: 43.7% vs. 37.7%, Fig. 3G; set II: 44.2%
vs. 39.3%, Fig. 3N). Decision curve analysis also demon-
strated that the RSA model provided higher net clinical
benefit across both internal subsets (Figs. 3F and 30).
Sensitivity analysis further showed that the RSA model
captured a larger percentage of high-risk recurrence
cases (82.7% vs. 69.0%), while reducing low-risk misclas-
sification by 8.9% (Fig. 3Q).

Kaplan—Meier survival analysis revealed significantly
better five-year OS in the RSA-defined low-risk group
compared to high-risk patients (set I: 62.3% vs. 44.0%,
P=0.002; set II: 52.5% vs. 36.2%, P=0.005; Figs. 3H and
3P). Moreover, multivariate Cox regression confirmed
that the RSA classification remained an independent
prognostic factor for five-year OS in both validation sets
(set I: HR=2.166, 95% CI: 1.417-3.312, P<0.001; set II:
HR=1.830, 95% CI: 1.258-2.660, P=0.002; Additional
file 2: Table. S11-12).

External validation of the RSA model across multicenter
cohorts

To further assess the robustness and generalizability of
the RSA model, we conducted validation in two inde-
pendent multicenter cohorts. External validation set I
included 314 LAGC patients treated at SJZPH, BDCH,
and HSPH (all in northern China), while set II com-
prised 229 patients from WHPH and NJJLH in the south
(Fig. 1D). The baseline characteristics for both cohorts
are summarized in Additional file 2: Table. S13.

In validation set I, the RSA model achieved strong pre-
dictive performance for early recurrence, with an AUC
of 0.870 (95% CIL: 0.831-0.911; Figs. 4A-C, 4E; Addi-
tional file 2: Table. S14). Compared to the clinical model,
RSA yielded significant gains in both net reclassification

Fig. 2 Construction and Performance Evaluation of the RSA Model in the Training Dataset. A The integrative nomogram was established

by incorporating selected radiomic and clinicopathological predictors to estimate early recurrence risk in LAGC. B-C Discrimination performance
of all candidate models was assessed using ROC and PR curves. D Comparative summary of key performance metrics across models is visualized
through a radar diagram. E Confusion matrices depict classification performance for each model within the training set. F Calibration assessment
of the RSA model indicates strong concordance between predicted probabilities and actual outcomes. G Clinical benefit analysis was conducted
using decision curve analysis for each model. H Concentric circle visualization highlights relative clinical applicability of competing models. 1
Kaplan—-Meier curves based on RSA-defined risk stratification demonstrate significant survival differences; threshold derived from Youden index.
J-K Stratified performance evaluations across patient subgroups defined by serum tumor markers and HER2 status, presented via bar and radar
plots. L Boxplots display tenfold cross-validation results for model metrics including AUC, sensitivity, specificity, and accuracy. M Model robustness
evaluated through bootstrap-based ROC curve comparisons from 1,000 iterations



Ding et al. BMC Medicine (2025) 23:656 Page 8 of 19
A Points Risk of recurrence ) B 24 c 24 D o Clinical features o Radiomics  ® RSA model
10 20 30 40 50 60 7D 80 90 1p0 Auc
273 < 2
T stage o7 o PLR (x10) Accuracy
High 7 >
c
Pathology [ | [ g9 8 =
NO ow = @2 ik
Nstage [-] % < § < F1 Score __ Sensitivity
Low N+ » < as
Radiomic E' Figh g. g J == RSA model PRC = 0.990
Total points Radiomics PRC = 0.842 NLR Specificity
ol i -
(3 50 700 150 20 250 - S - Cllr:ll:al laahlns PRC ; 0.735| . .
00 02 04 06 08 1.0 NPV PPV
0.04 008014 03 05 070784 0.9 Recall
" A R 24 == RSA model
E Clinical Radiomics RSA model F - v G - Radiomics
: === Clinical features|
Recur [ Non-recur Recur | Non-recur Recur - Non-recur = Al
00" D 1009 | < = None
s =3
288 25.0 223 p §°
75% 75% 75% © 53
69.1 S [
76.1 824 -
. 5
50%) 50% 50% z
712 75.0 7.7 3 S \
25% 25% 25% o
o
30.9 239 S 4 Brier Score: 0.1444.
o o | I ° r y U u U J
o o o == Apparent 00 02 04 06 08 1.0
. - IBd_eaI_ J High Risk Threshold
Rec . 113 Rec . 109 Rec . 104 o1 ias-correcte r r . .
00 02 04 06 08 10 1100 1:4 2 ciPRat] 10041
i ost:Benefit Ratio
N-Rec| 165 @ NRec| | 117 . wrecl . Nomogram Predicted
I RSA Model  Low risk # High risk J Accuracy AUC
H High  Low High  Low High  Low N 1.00 0.75] 575 01819 0822 pi70a || 0855 0.890 0.873 0.871
]
e s 0.75| 0.50
Clinical Radiomics RSA model 3
Low Risk Tow Risk Low Risk  0.50 0.25
High Risk High Risk High Risk =
Non-Recur Non-Recur Non-Recur s 0.00
Recur Recur Recur 5025 H Sensitivity Specificity
Log-rank p<0.001 H
8 LA 000 FMP : 0.751 760 863 0.802 0.780 || 0818 767 0842 0.810
% N £ R 28 0 7 F] 3 7 5 050
P a i
- 3019 = 3 '§ 2 ). 5 Number at risk Time(years) 0.25
2\ 9 sl "2% 2 High|459 445 386 301 230 199 000
A s X
N RN R N RN R
o 7 ] 3 7 5 PN AP AP P
Time(years) Q,Q/ Q,@ Q,Q/ Q,Q/
K HER2-Positive HERZ-Negative L Clinical feature @ Radiomics = RSA model Clinical feature = Radiomics = RSA model
> Clinical features - Radiomics o RSA model o Clinical features - Radiomics e RSA model
Aue Auc RSA model an. RSA model -
PLR (x10) Accuracy PLR (x10) Accuracy
' N
iomics | Radiomi .
F1 Score Sensitivity 1 score ___ Sensitivity Radiomics PL N i adiomics e, [x
Clinical feature o Py Clinical feature o=
NLR Specificity NLR Specificity
!
NPV Bov NPV ey 00 0z 04 0 08 10 00 02 %:curag.;s 08 10
FPr - Clinical feature = Radiomics ' RSA model Clinical feature = Radiomics * RSA model
Tumor marker-Positive | | Tumor marker-Negative
o Clinical features Radiomics & RSA model o Clinical features Radiomics e RSA model .
Auc Auc RSA model oo ooy RSA model e
PLR (x10) Accuracy PLR (x10) Accuracy . s
Radiomics{ o 2P o [+ Radiomics U XL Y
F1Score ¢ Sensitivity  £q score  Sensitivity
Clinical feature oo ot e Clinical feature N e Y
NLR Specificity NLR Specificity
0.0 0.2 0.4 0.6 1.0 0.0 0.2 0.4 0.6 1.0
NPV PPV NPV PPV Sensitivity Specificity
M Bootstrap ROC Curve Bootstrap ROC Curve Bootstrap ROC Curve
1.00] clinical features 1.00| Radiomic features 1.00{ RSA model
0.75 £
20 2075 K] 0.75
& & o
>
2 S 2
£ 0.50 £0.50 80.50
7] @ o
o o
o o g
® ®
= 3 S
= 0.25 F0.25 0.25
Mean AUC: 0.7501 Mean AUC: 0.8374 Mean AUC: 0.8724
0.00 95% CI: 0.7492- 0.7510 0.00 95% CI: 0.8365- 0.8382 0.00 95% CI: 0.8717- 0.8732
.00 0.25 0.50 0.75 1.00 .00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.0

False Positive Rate
Fig. 2 (Seelegend on previous page.)

False Positive Rate

False Positive Rate



Ding et al. BMC Medicine (2025) 23:656

(NRI=0.616, 95% CI: 0.403-0.823; P<0.001) and dis-
crimination (IDI=0.237, 95% CI: 0.188-0.283; P<0.001;
Additional file 2: Table. S6), and demonstrated good
calibration (Brier score=0.139; Fig. 4D). Validation set
II showed comparable results (F igs. 4I-M; Additional
file 2: Table. S14).

Decision curve analysis indicated that RSA offered the
greatest clinical net benefit across both external cohorts
(Figs. 4F and 40). Concentric circle plots showed that
RSA identified a larger share of recurrence cases in the
high-risk group compared to the clinical model (set L:
49.0% vs. 40.8%, Fig. 4G; set II: 42.8% vs. 40.2%, Fig. 4N).
Sensitivity analysis combining both sets revealed a 14.3%
improvement in identifying high-risk patients, along with
a 6.4% reduction in low-risk misclassification (Fig. 4Q).

Five-year overall survival was significantly lower among
high-risk patients than among those classified as low
risk by the RSA model (set I: 42.4% vs. 65.4%, P<0.001;
Fig. 4H; set II: 38.5% vs. 67.0%, P<0.001; Fig. 4P). Mul-
tivariate Cox regression confirmed RSA as an independ-
ent predictor of long-term prognosis in both validation
cohorts (set I HR=1.998, 95% CI: 1.403-2.845; set II:
HR=2.144, 95% CI: 1.402-3.279; both P<0.001; Addi-
tional file 2: Table. S15-16).

Evaluation of the RSA model using a multicenter
prospective cohort
To assess the RSA model in a prospective clini-
cal context, we analyzed data from a multicenter trial
(NCT01516944) enrolling LAGC patients. After applying
strict inclusion and exclusion criteria, 569 patients were
included: 193 underwent upfront surgery (33.9%), while
376 received neoadjuvant chemotherapy, including 182
treated with the XELOX regimen (32.0%) and 194 with
the SOX regimen (34.1%) (Fig. 5A). Baseline clinical char-
acteristics are detailed in Additional file 2: Table. S17, and
trial outcomes have been reported previously [36].

In the primary surgery subgroup, the RSA model
demonstrated excellent discrimination for early recur-
rence, outperforming clinical and radiomics-only models

(See figure on next page.)
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(AUC=0.857, 95% CI: 0.804-0.908; Figs. 5B-F; Addi-
tional file 2: Table. S18). Compared to the clinical model,
RSA provided meaningful improvements in classification
and discrimination (NRI=0.597, 95% CI: 0.282-0.901;
IDI=0.244, 95% CI: 0.183-0.306; both P <0.001; Addi-
tional file 2: Table. S6). The calibration was acceptable
(Brier score=0.153; Fig. 5F), and decision curve analysis
confirmed superior clinical utility (Fig. 5G). The concen-
tric circle plot also showed a higher proportion of recur-
rence-free patients in the RSA-defined low-risk group
than in the clinical model (39.4% vs. 26.9%; Fig. 5H).

In patients receiving neoadjuvant chemotherapy, model
performance declined (AUC=0.751, 95% CI: 0.698—
0.797; Figs. 5K-0; Additional file 2: Table. S6, S18), and
no clear link was observed between RSA classification
and treatment response (Figs. 5P—Q). However, in both
neoadjuvant and surgery-only groups, high-risk patients
consistently exhibited worse five-year OS compared to
low-risk patients (F igs. 5I-J). Subgroup analysis fur-
ther indicated limited predictive value of the RSA model
within both XELOX and SOX regimens (Additional file 1:
Fig. S11).

Stage-specific stratification analysis of the RSA model

To examine whether the RSA model could improve sur-
vival prediction within the same TNM stage, we con-
ducted stratified survival analyses across stages I to III
in the full LAGC cohort. Kaplan—Meier curves showed
that the RSA model effectively distinguished high- and
low-risk patients within each TNM stage, with significant
survival differences (all log-rank P<0.05; Fig. 6A).

To address potential confounding, we applied 1:1 pro-
pensity score matching (PSM) within each TNM stage.
Matched baseline characteristics are provided in Addi-
tional file 2: Table. S19. Before PSM, RSA-defined high-
risk patients had consistently poorer overall survival than
low-risk patients (Stage I: 17.9% vs. 91.4%, P<0.001; Stage
I1: 49.4% vs. 67.4%, P<0.001; Stage IIL: 36.4% vs. 47.0%,
P<0.001). After matching, the survival gap remained
statistically significant across all stages (Stage I: 54.2%

Fig. 3 Validation of RSA Model Performance in Internal Cohorts. A-B ROC and PR curves depict model discrimination ability in Internal

Validation Cohort |. C Radar diagram summarizes model-level AUC, sensitivity, specificity, and accuracy in Cohort I. D Calibration curve illustrates

the agreement between predicted and observed recurrence probabilities in Cohort I using the RSA model. E Classification results in Cohort |

are shown using confusion matrices for each model. F-G Decision curve and concentric circle plots assess and compare the net clinical benefit

of models in Cohort I. H Survival outcomes of Cohort | stratified by RSA-based risk groups (cutoff: Youden index) are visualized via Kaplan-Meier
plots, with log-rank test applied for significance. I-J Discriminative performance of predictive models in Internal Validation Cohort Il represented

by ROC and PR curves. K Radar plot presents model accuracy indicators in Cohort Il. L RSA model calibration in Cohort Il is illustrated to assess
predictive consistency. M Cohort Il classification accuracy is depicted using model-wise confusion matrices. N-O Model utility in Cohort Il evaluated
by double-layer circle visualization and DCA curve, respectively. P Kaplan-Meier analysis compares recurrence-free survival in high- vs. low-risk
patients in Cohort Il, based on RSA nomogram cutoff. Q Comparative analysis of RSA versus clinical-only predictors across both internal cohorts

for early recurrence prediction
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vs. 79.2%, P=0.038; Stage II: 49.7% vs. 65.1%, P=0.003;
Stage III: 34.1% vs. 47.1%, P<0.001; Fig. 6B).

Given the complexity of ensemble models, direct inter-
pretation of their decision processes is often limited. To
address this, we employed a simplified interpretability
framework known as SHAP (SHapley Additive exPlana-
tions), which attributes a model’s output to individual
input features. SHAP values quantify each feature’s con-
tribution to the model’s prediction, with higher abso-
lute values indicating greater influence. We computed
SHAP values to assess feature importance and ranked
the top eight radiomic features most strongly associated
with recurrence prediction. These were visualized using
swarm plots (Fig. 6C) and importance ranking charts
(Additional file 1: Fig. S12). In addition, SHAP depend-
ence plots were generated for each of the eight selected
features to visualize their value distributions and direc-
tional influence on recurrence risk prediction (Additional
file 1: Fig. S13). For each plot, we identified the approxi-
mate threshold where the SHAP value crosses zero. This
point indicates a potential inflection in the direction of
the feature’s contribution to the model output and may
serve as a clinically meaningful cutoff.

Figure 6D presents a representative comparison
between two patients with identical clinical characteris-
tics and treatment regimens. Despite their clinical simi-
larity, differences in radiomic profiles led to divergent
outcomes: the patient with a higher radiomics-derived
risk score developed liver metastasis within five months
post-surgery (Additional file 1: Fig. S14). Collectively,
these findings suggest that the RSA model provides sig-
nificant added prognostic value beyond the traditional
TNM staging system.

External validation and immune characterization

of the RSA model in gastric cancer

To externally validate the RSA model, we evaluated 41
gastric cancer patients from the TCIA cohort who met
the inclusion criteria (Additional file 1: Fig. S15A). The
RSA model exhibited excellent predictive accuracy for

(See figure on next page.)
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early postoperative recurrence, outperforming single-
feature models with an AUC of 0.850 (95% CI: 0.703—
0.962; Fig. 7A, Additional file 1: Fig. S15B-F, Additional
file 2: Table. S20), supported by favorable calibration
(Brier score=0.149; Additional file 1: Fig. S15G).

We further explored the biological differences under-
lying the RSA-defined high- and low-risk groups
through transcriptomic analyses using 38 samples
from TCIA and an additional prospective cohort of
114 patients. Gene set enrichment analysis revealed
significant upregulation of immune-inflammatory
pathways, notably IL6/JAK/STATS3 signaling and inter-
feron-alpha/gamma responses, in low-risk patients
(Figs. 7B-C). Correspondingly, ESTIMATE analysis
confirmed higher stromal and immune scores in this
group (Fig. 7D, Additional file 1: Fig. S16A).

Immune activity assessed by single-sample gene set
enrichment analysis in TCGA gastric cancer samples
indicated significantly greater activity of T cells, APC
co-stimulation, immune checkpoints, and inflamma-
tory pathways within the low-risk group (Fig. 7E, Addi-
tional file 1: Fig. S16B). Analyses using CIBERSORT
and MCPcounter consistently showed higher infiltra-
tion of immune cells, especially T cells, in low-risk
patients (Figs. 7F-G, Additional file 1: Fig. S16C-D).
Higher expression of immune checkpoint genes related
to T-cell activation further characterized this group
(Additional file 1: Fig. S16E-F).

These observations were validated in the prospec-
tive cohort, reinforcing findings of elevated immune-
inflammatory pathway activities, increased immune
infiltration, and higher immune checkpoint expres-
sion in the low-risk group (Figs. 7H-L, Additional
file 1: Fig. S17). Finally, expression signatures predic-
tive of immune checkpoint therapy response, specifi-
cally interferon-gamma and T-cell effector function
signatures, were significantly enhanced in the low-risk
group, suggesting potential greater benefit from immu-
notherapy (Figs. 7M-N).

Fig. 4 External Validation Results of the RSA Model in Independent Cohorts. A-B ROC and PR curves evaluate model discrimination in External
Validation Cohort I. C Radar chart summarizes the classification metrics including AUC, sensitivity, specificity, and accuracy for models in Cohort |. D
The calibration curve of the RSA model in Cohort | reflects alignment between predictions and actual outcomes. E Confusion matrix visualization
highlights model-level classification performance in Cohort I. F-G Decision curve analysis and concentric circle plot illustrate net benefit

and comparative utility of predictive models in Cohort I. H Kaplan—Meier curves depict survival outcomes stratified by RSA risk groups in Cohort

I using the nomogram-based Youden threshold; statistical significance determined by the log-rank test. 1-J External Validation Cohort Il model
performance is illustrated using ROC and PR curves. K Radar diagram conveys accuracy and discrimination metrics for each model in Cohort Il. L The
calibration analysis demonstrates predictive reliability of the RSA model in Cohort Il. M Confusion matrices display model prediction performance
in Cohort Il. N-O Clinical applicability of models in Cohort Il evaluated using concentric circle visualization and DCA, respectively. P Recurrence-free
survival in RSA-defined subgroups of Cohort Il presented using Kaplan-Meier curves; log-rank test applied for comparison. Q RSA model’s
prognostic advantage over clinicopathological variables alone analyzed across both external cohorts
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Discussion

In this multicenter study, we successfully developed and
validated an integrative Radiomics-Clinical RSA model
to accurately predict early postoperative recurrence in
LAGC patients. The RSA model uniquely integrates criti-
cal clinical parameters (pathological type, tumor invasion
depth, and lymph node metastasis status) with carefully
selected radiomics features, significantly enhancing pre-
dictive accuracy. Across extensive internal and external
validations, including geographically diverse cohorts and
a prospective multicenter clinical trial, our model con-
sistently outperformed both clinical-only and radiomics-
only models, as evidenced by significantly higher AUC
values and substantial improvements in NRI and IDL
Such robust predictive power underscores our model’s
potential utility for personalized patient stratification,
enabling clinicians to optimize postoperative surveillance
strategies, ultimately improving survival outcomes.

To position the current study within the existing
Literature context, we conducted a comprehensive
comparative analysis with previously published radi-
omics-based recurrence models. Huang et al. devel-
oped a radiomics nomogram based on CT images for
gastric cancer recurrence prediction, reporting an AUC
of approximately 0.830 [37]. However, their model was
primarily validated in a single-center retrospective
cohort, lacking rigorous external validation and inte-
gration of clinical parameters. Similarly, Zhang et al.
constructed a radiomics signature using enhanced CT
imaging, achieving an AUC of 0.831; yet, their valida-
tion was limited to hospitals in one region with lim-
ited generalizability [38]. By contrast, our RSA model
addresses these limitations by combining a broader
set of critical clinical parameters with a refined selec-
tion of radiomics features validated through rigorous
internal, external, and prospective datasets, achieving
notably higher AUC values (0.873 in training, 0.870
external validation). Furthermore, our model under-
went comprehensive performance evaluation using
decision curve analysis, demonstrating substantial

(See figure on next page.)
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clinical benefits across various levels of clinical decision
thresholds, an important aspect of validation that was
not addressed in previous studies.

Moreover, comparing our findings with those from
Cao et al., who also integrated radiomics with clinical
features, reveals distinct methodological advantages
of our approach [39]. Guo et al. reported an AUC of
0.814 and focused primarily on short-term retrospec-
tive validation [40]. Our study not only achieved signifi-
cantly higher predictive performance but also utilized
advanced methodologies, including nnU-Net-based
automated segmentation, robust feature selection via
LASSO with cross-validation, and harmonization of
multi-institutional imaging data using ComBat meth-
ods, thus effectively minimizing variability and enhanc-
ing generalizability. Importantly, our RSA model was
further validated in geographically diverse external
cohorts from both northern and southern regions of
China, demonstrating consistent accuracy and reliabil-
ity across varied clinical settings, which represents a
significant improvement over previous models. Collec-
tively, these methodological innovations substantially
advance the current radiomics modeling landscape for
postoperative recurrence prediction in gastric cancer.

In addition to the predictive performance, we also
explored the potential biological relevance of the
selected radiomic features to enhance interpretabil-
ity. The radiomic signatures retained in our model are
likely to capture fundamental tumor characteristics,
including intratumoral heterogeneity, morphology,
and intensity variations. Texture features may reflect
genomic instability and treatment resistance, shape
features describe morphological invasiveness, and
first-order intensity features are associated with cel-
lular density, necrosis, or stromal composition. These
imaging-derived traits are consistent with our tran-
scriptomic analyses, which demonstrated that low-risk
patients exhibited stronger immune activation and
greater immune infiltration. Such concordance between
imaging phenotypes and molecular profiles supports

Fig. 5 Prospective Cohort-Based Evaluation of the RSA Model for Early Recurrence Prediction. A Flow diagram outlining patient inclusion and risk
stratification in the prospective validation dataset. B-C ROC and PR curves assess model discrimination in the surgery-alone subgroup. D Radar
chart compares AUC, sensitivity, specificity, and accuracy among different models in this subgroup. E Model-wise confusion matrices visualize
classification results in the surgery-alone group. F Calibration plot shows agreement between predicted and observed outcomes for the RSA
model. G-H Decision curve analysis and concentric circle visualization demonstrate net clinical benefit and comparative utility for each model.
I-J Kaplan—-Meier survival analyses for the surgery-alone (I) and neoadjuvant chemotherapy (J) subgroups, stratified by the RSA-defined Youden
index threshold; significance tested with log-rank method. K-L ROC and PR curve assessments of predictive performance in the neoadjuvant
chemotherapy subgroup. M Radar diagram summarizes accuracy metrics across models for patients receiving neoadjuvant chemotherapy.

N Calibration analysis evaluates prediction accuracy of the RSA model in this subgroup. O Confusion matrices detail classification outcomes
across models. P-Q Comparisons of radiologic treatment response (P) and postoperative pathological grading (Q) among different neoadjuvant

regimens, stratified by RSA risk categories



Ding et al. BMC Medicine (2025) 23:656

Page 14 of 19

P . -
a Multicenter prospective study B 3- c =1 D o Clinical features Radiomics e RSA model
NCT 01516944 Accuracy
® @ <
o ° PLR (x10) Sensitivity
Locally advanced gastric cancer > c
(N=749) ged o
£° »°
2 g
<« -
Surgery SOX XELOX % S ao F1 Score
(N=290) || (N=223) || (N=236)
1 1 1 N4 SR TSI AUC =055 g- == RSA model PRC = 0.880
Clinical information or © - . =0. - =
| CT images missing | Radiomics AUC = 0.814 Radiomics PRC = 0.831 =y
> === Clinical feature AUC = 0.707 Q4 = Clinical feature PRC = 0.696
© T T T T T T ° T T T T T T
| Analyze Analyze Analyze 0.0 0.2 X 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 NPV
(N=193) (N=194) (N=182) 1 - Specificity Recall
o = r ©
E Clinical Radiomics RSA model I" 2 G p= — RSAmodel
Recur | Non-recur Recur | Non-recur Recur [ Non-recur 0 -— Eﬂ‘,’,’i‘:;']"i:am,es
1007 1007 100° o =3 Al
2 === None
35.0 317 2438 ° & ;
75% 75% 75% ) 2
67.3 Fo T
798 859 331 oe°
50%) 50%| 50%| 2 o N
o Zo
65.0 68.3 32 g 3 - \
25%) 25%) 25%) & S
327 o
20.2 14.1 o =
0% 0% 0% S Brier Score: 0.1528
== Apparent 00 02 04 06 08 10
Rec . 28 Rec . 33 Rec - 25 ol o Bioacorrected High Risk Threshold
s
g r r T T D T T T T J
00 02 04 06 08 10 1:100 1:4  2:3  3:2 41 100:1
NRec| 37 | 52 N-Rec| 18 N-Rec| 13 i : : - : I -
. . Nomogram Predicted Cost:Benefit Ratio
High  Low High  Low High Low
I RSA Model  Low risk + High risk J RSA Model  Lowrisk +# High risk
1.00 -_— 1.00) —_—
H Clinical Radiomics RSA model - 5 S
Tow Risk Tow Risk Tow Risk H 0.7 H 0.75
High Risk High Risk High Risk %050 §
Non-Recur Non-Recur Non-Recur “20. ' 0,50 -
Recur Recur Recur 3 \...,_' 3 iy
20.25 H 20.25 H
% I © & o H 3" H
9, s @ 7> 3 73 Log-rank p=0.013 H Log-rank p<0.001 H
% % 3 3 S o S 000 9P ; 000 TP :
f % Sle Jls g ] 7 2 3 1 5 ] 1 Z 3 7 5
6.9% X e & QS Time(years) ;
‘%‘ % ‘_:g \?q0 é’ ‘:l 39'496 L Number at risk Number at risk Time(years)
+ o = ngh| 92 % 73 60 45 39 ngh|213 210 193 144 115 88
0 1 2 3 7 5 0 7 2 3 7 5
Time(years) Time(years)
K ] L < M @ Clinical features Radiomics e RSA model N ]
- -
Auc
g « | 2
S S PLR (x10) Accuracy 3
> z
5 521 53 /
- [7} 2 y
B ] Sensitivity £ /
S J 5= /
neS oo g s ) /
~ [ - =
h —— RSA model AUC = 0.751 S RSA model PRC = 0.704 . 3 Brier Score: 0.2011
Radiomics AUC = 0.715 Radiomics PRC = 0.699 Specificity - ﬁppfmm
=3 == Clinical feature AUC = 0.631 S { = Clinical feature PRC = 0.563 ] = Bise-corrected
T T T T T T T T T T T T
00 02 04 06 08 1.0 00 02 04 06 08 1.0 NPV PPV o0 02 04 06 08 10
1 - Specificity Recall Nomogram Predicted
Clinical Radiomics RSA model 100% CR__PR__SD =PD an TRGO - TRG1 - TRG 2 # TRG 3
Recur | Non-recur Recur | Non-recur Recur [ Non-recur 7.0% 8.0% s 10.2% 5.3% 9.1%
o 1007 by o
100! 1 0 T 28.8% 24.4% b 23.5% — —
273 3 8% 07 26.3% - 41.5%
349 o, | 31.9% 0 5%
2 5% 75% 75% ° 31.0% 75% | 21.7% 32.7%
g 62.1 657
% [
=]
50%| 50%) 50%| 8 s
£ 59 < 5o
727 779 @ 50% .99 @ 50% 35.8%
25% e 25% 25%) g 53.4% g% 63.0% | © 35.4% &
45.4 [ 51.6% .9
a9 3 & . a 57.5% & ( 51.9% 36.4% 4559,
o o o 25% 25%
Rec 45 Rec 36 25.8% 32.6%
. - 16.0% (B=re 11.1% " 9.8% 9.1% 218% 919,
N-rec| | 80 . ..l . 0% L66% 15% 80% 24% aa% 25% | oy L s0%  sow _ sow
High Low High Low High Low High Low High Low High Low
High Low High Low High Low All XELOX SOX All XELOX SOX

Fig. 5 (Seelegend on previous page.)

the biological plausibility of our RSA model and high-
lights its translational potential in clinical practice.

At the molecular level, our study provides signifi-
cant biological insights into the radiomics-derived risk

stratification. Transcriptomic analyses of patients clas-
sified as high risk and low risk revealed distinct char-
acteristics of the immune microenvironment, with the
low-risk subgroup showing significant enrichment of
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immune-related signaling pathways, including IL6/JAK/
STATS3 signaling, interferon alpha response, and inter-
feron gamma response. These findings indicate an asso-
ciation between radiomics signatures and underlying

immunological heterogeneity. Further immune cell
infiltration analysis confirmed that the low-risk group
exhibited increased immune cell infiltration, particularly
T-cell populations, and higher expression of immune
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checkpoint molecules. These molecular findings align
with contemporary literature, suggesting that robust
immunosurveillance correlates with favorable clini-
cal outcomes, providing a compelling biological basis
for the superior prognostic accuracy demonstrated by
our RSA model [41-43]. In particular, we observed
that the RSA model showed reduced predictive perfor-
mance in patients receiving neoadjuvant chemotherapy
(AUC=0.751), likely due to treatment-related changes in
tumor imaging characteristics such as necrosis, fibrosis,
or volume reduction. These alterations may disrupt radi-
omic feature stability and diminish the effectiveness of
models trained on pre-treatment data. Therefore, future
studies should consider model adaptation or retraining
strategies specific to this subgroup, as well as the devel-
opment of radiomic signatures that dynamically capture
post-treatment tumor biology.

Despite our study’s strengths, several limitations
remain. Firstly, inherent biases associated with retro-
spective data collection in parts of our cohort may have
introduced selection bias. Although mitigated by our
rigorous multicenter design and prospective valida-
tion, future randomized controlled trials could further
strengthen evidence supporting the RSA model’s clinical
application. Secondly, variations in CT imaging protocols
across participating institutions, despite being harmo-
nized using the ComBat algorithm, might still introduce
subtle heterogeneity affecting radiomic feature extrac-
tion. To evaluate the effectiveness of this harmonization,
we conducted principal component analysis before and
after ComBat correction, which demonstrated visibly
reduced inter-center and inter-dataset clustering, thereby
supporting the validity of the feature alignment strategy.
Future studies employing standardized imaging proto-
cols could further enhance reproducibility. Additionally,
the RSA model exhibited relatively lower performance in
patients receiving neoadjuvant chemotherapy, indicating
that treatment-induced biological and radiomic feature
alterations warrant further exploration to refine predic-
tions in this clinical subgroup. Prospective validation
involving dynamic longitudinal imaging and novel deep
learning techniques could further optimize the predictive
potential and applicability of our RSA model.

Conclusions

In conclusion, this study presents a clinically robust, bio-
logically interpretable, and methodologically innovative
RSA model for predicting early postoperative recurrence
in LAGC patients. Through extensive multicenter and
prospective validations combined with advanced radi-
omic feature extraction, robust modeling methodologies,
and comprehensive biological analyses, we substantially
enhance existing predictive capabilities. Our findings not
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only establish a strong foundation for integrating radi-
omics into precision oncology but also significantly con-
tribute to the broader implementation of personalized
postoperative management strategies in gastric cancer,
ultimately improving clinical outcomes.
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