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A transformer-basedprognostic signature
integrating tumor and body composition
CT images predicts postoperative
recurrence in gastric cancer

Check for updates

Qiuying Chen1,5, Hua Xiao2,5, Yueyue Li1,5, Lian Jian1,3,5, Lu Zhang1,5, Bo Lai1, Xuewei Wu1,4, Jingjing You1,
Zhe Jin1, Hui Shen1, Jie Sun1, Wenle He1, Shuixing Zhang1 & Bin Zhang1

Accurate preoperative prognosis prediction is crucial for gastric cancer (GC) treatment planning, yet
existing models overlook body composition integration. This study demonstrates the potential of
integrating multimodal data, including skeletal muscle (SM), adipose tissue (AT), and primary tumor
computed tomography images, to improve prognostic stratification in GC patients using an entire
cohort of 1862 patients. By leveraging a Vision Transformer-based deep learning approach, we
developed and validated a SM-AT-Tumor-Clinical (SMAT-TC) integrated score to predict recurrence-
free survival (RFS) in GC patients. The SMAT-TC score achieved a C-index of 0.966 (95% CI:
0.937–0.990), 0.890 (95% CI: 0.866–0.915), and 0.855 (95% CI: 0.829–0.881) in the training, internal
validation, and external validation cohorts, respectively, outperforming the Clinical, SM, AT, Tumor,
Tumor-Clinical (TC), and SM-Tumor-Clinical (SM-TC) models. The net reclassification improvement
and integrateddiscrimination improvement confirmed the incremental value of body composition. The
SMAT-TC score was an independent risk factor for recurrence. The SMAT-TC model could stratify
patients into high-, medium-, and low-risk groups with distinct 3- (99.6% vs. 67.0% vs. 10.9%) and
5-year RFS rates (98.8% vs. 61.7% vs. 2.4%). Collectively, the SMAT-TC score may serve as a novel
imaging biomarker for GC patients, enhancing risk stratification and guiding individualized treatment
strategies.

Gastric cancer (GC) ranks as the fifth most common cancer and the fifth
leading cause of cancer-related mortality worldwide1. Although the prog-
nosis of GC patients is gradually improving, more than half of patients
remain suffering recurrence, even after curative resection2,3. Reliable pre-
operative assessment is crucial for guiding treatment strategies and
improving patient outcomes. Current prognostic stratification relies pri-
marily on the established TNM staging system4. However, significant sur-
vival disparities remain among patients with identical tumor stages
undergoing similar therapeutic regimens5. Therefore, there is an urgent
need to identify more powerful biomarkers that can provide prognostic
information, thereby optimizing therapeutic planning and monitoring.

Malnutrition represents a prevalent and serious concern among GC
patients. The progression of GC correlates with a drastic decline in nutri-
tional and functional status, leading to poor treatment response and unfa-
vorable prognosis6. Numerous studies have identified malnutrition as a
crucial risk factor for postoperative complications and survival in GC
patients7,8. Currently, body composition analysis is gaining prominence in
nutritional research. Skeletal muscle (SM) and adipose tissue (AT), as key
body composition parameters, serve as indicators of nutritional status8,9.
The gold standard for evaluating body composition quality is computed
tomography (CT)10. As CT is routinely used for GC diagnosis and staging,
preoperative scans contain not only tumor images that reflect biological
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heterogeneity but also SM and AT images that indicate nutritional status.
Integrating these multiple imaging data sources may enhance outcome
prediction for GC patients. However, to date, they have been utilized
separately for evaluating disease status and prognosis6,11–16.

Deep learning (DL), an emerging machine learning technique, offers
significant potential for discovering novel imaging biomarkers using cross-
sectional imaging data. DL has achieved satisfactory performance in

predictinghistopathological characteristics, treatment response, and clinical
outcomes of GC11,12,16,17. Transformers are a promising DL technology for
medical imaging applications, having shown remarkable success in natural
language processing and computer vision18. Its core self-attention
mechanism overcomes convolutional operation limitations, enabling
superior capture of long-range dependencies19. Additional advantages
include greater scalability, enhanced robustness against common corrup-
tions and perturbations, and powerful parallel computing capabilities20.
Furthermore, its weak inductive bias allows Transformer to outperform
convolutional neural networks (CNNs) when leveraging large-scale models
and datasets20. Transformer-based models have achieved promising results
across multiple medical imaging applications21–23, suggesting potential for
GC image analysis.

In this study, we developed and validated Transformer-based DL
models topredictpostoperative recurrence inGCpatients using baselineCT
images of both tumors and body composition. We aimed to examine
whether integrating the different imaging sources could enhance the
models’ predictive performance and risk stratification. The robustness and
clinical applicability of thismodel were further validated using independent
cohorts, ensuring its reliability across diverse clinical settings.

Results
Baseline characteristics
The study comprised 1862 eligible patients (mean age, 57.5 ± 11.1 years;
1207 [64.8%] male). Baseline characteristics of patients in the training
(n = 1242), internal validation (n = 311), and external validation (n = 309)
cohorts are summarized in Table 1. Most patients (96.3%, 1793/1862) were
diagnosed with pathological stage II or III disease, and 1322 (70.9%)
receivedpostoperative adjuvant chemotherapy (AC).Over amedian follow-
up of 23.0 months (interquartile range [IQR], 11.9–47.0), 745 (40.0%)
patients experienced recurrence. The recurrence rates were 38.3% (476/
1242) in the training, 38.3% (119/311) in the internal validation, and 48.5%
(150/309) in the external validation cohorts. Locoregional recurrence
occurred in 3.6% (45), 3.9% (12), and 15.2% (47) of patients across the three
cohorts, respectively, while distant recurrence was observed in 34.7% (431),
34.4% (107), and 33.3% (103), respectively.

Satisfactory inter-reader segmentation consistency was achieved, with
a mean Dice Similarity Coefficient (DSC) of 0.951 ± 0.034 and a mean
Average Surface Distance (ASD) of 0.104mm± 0.112. The 95th Percentile
Hausdorff Distance (HD95) was 0mm in the majority of cases (60%),
confirming high boundary agreement. These results collectively indicate
that inter-reader variability was minimal and unlikely to introduce sig-
nificant bias.

Comparison of the performance of predictive models
After multivariable Cox regression analysis of the clinicopathological data,
carcinoembryonic antigen (CEA) level, tumor location, T stage, N stage,
positive lymph node ratio (LNR), and AC were identified as independent
risk factors associated with tumor recurrence (all P < 0.05). The Clinical
model based on the independent risk factors achieved a Harrell’s con-
cordance index (C-index) of 0.782 (95% Confidence Interval [CI]:
0.757–0.808), 0.737 (95%CI: 0.713–0.761), and0.603 (95%CI: 0.587–0.621)
in forecasting recurrence-free survival (RFS) in the training, internal vali-
dation, and external validation cohorts, respectively (Table 2).

Table 2 shows the progressively improved performance of the models
in the prediction of RFS. Overall, the combined models (Tumor-Clinical
[TC], SM-Tumor-Clinical [SM-TC], and SM-AT-Tumor-Clinical [SMAT-
TC]models) outperformed the singlemodels (Clinical, Tumor, SM, andAT
models). In both internal and external validation cohorts, the SMAT-TC
model yielded higher performance than other models, achieving C-indexes
of 0.890 (95% CI: 0.866–0.915) and 0.855 (95% CI: 0.829–0.881), respec-
tively. When stratifying by recurrence pattern, the model achieved
C-indexes of 0.937, 0.859, and 0.827 for locoregional recurrence and 0.982,

Table 1 | Clinicopathologic features of patients in the training,
internal, and external validation cohorts

Clinicopathologic
features

Training
cohort
(n = 1242)

Internal
validation
cohort (n = 311)

External
validation
cohort (n = 309)

Age, years 57.2 ± 11.0 56.4 ± 10.6 59.7 ± 11.8

Sex

Male 814 (65.5) 201 (64.6) 192 (62.1)

Female 428 (34.5) 110 (35.4) 117 (37.9)

CEA level

Normal 965 (77.7) 249 (80.1) 254 (82.2)

Elevated 152 (12.2) 35 (11.3) 52 (16.8)

Unknown 125 (10.1) 27 (8.7) 3 (1.0)

T stage

T1 70 (5.6) 15 (4.8) 15 (4.9)

T2 116 (9.3) 33 (10.6) 19 (6.1)

T3 228 (18.4) 51 (16.4) 165 (53.4)

T4 828 (66.7) 212 (68.2) 110 (35.6)

N stage

N0 243 (19.6) 54 (17.4) 78 (25.2)

N1 269 (21.7) 72 (23.2) 47 (15.2)

N2 308 (24.8) 69 (22.2) 68 (22.0)

N3a 308 (24.8) 88 (28.3) 83 (26.9)

N3b 114 (9.2) 28 (9.0) 33 (10.7)

TNM stage

I 37 (3.0) 11 (3.5) 21 (6.8)

II 389 (31.3) 84 (27.0) 95 (30.7)

III 816 (65.7) 216 (69.5) 193 (62.5)

Differentiation

Low 1112 (89.5) 268 (86.2) 226 (73.1)

Middle/high 129 (10.5) 43 (13.8) 83 (26.9)

Tumor location

Fundus 110 (8.9) 35 (11.3) 42 (13.6)

Body 310 (25.0) 85 (27.3) 46 (14.9)

Antrum 782 (63.0) 184 (59.2) 201 (65.0)

≥2 40 (3.2) 7 (2.3) 20 (6.5)

Lymph node ratio 0.3 ± 0.3 0.3 ± 0.3 0.3 ± 0.3

Adjuvant
chemotherapy

No 298 (24.0) 93 (29.9) 149 (48.2)

Yes 944 (76.0) 218 (70.1) 160 (51.8)

Recurrence

No 766 (61.7) 192 (61.7) 159 (51.5)

Locoregional 45 (3.6) 12 (3.9) 47 (15.2)

Distant 431 (34.7) 107 (34.4) 103 (33.3)

Continuous variable was expressed as mean ± standard deviation, and categorical variable was
expressed as count (percent).
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0.902, and 0.861 for distant recurrence across the training, internal valida-
tion, and external validation cohorts, respectively.

In the internal validation cohort, the net reclassification index (NRI)
and integrated discrimination improvement (IDI) for the SM-TC model
compared to the TC model were 0.074 and 0.009, respectively; in the
external validation cohort, these values were 0.185 and 0.019 (all P < 0.05),
indicating improved discrimination ability when adding the SM features
(Table 3). Similarly, the SMAT-TC model also yielded positive and statis-
tically significant NRI and IDI values versus the SM-TC model, suggesting
that the addition of AT features further improved model performance
(Table 3). These findings show the added value of body composition bio-
markers in predicting GC prognosis.

Predictive ability of the SMAT-TC model
Figure 1a–c shows the time-dependent receiver operating characteristic
(ROC) curves of the SMAT-TC model for predicting RFS. This combined
model accurately predicted 1-, 3-, and 5-year RFS, with area under the

curves (AUCs) of 0.964 (95%CI: 0.950–0.986), 0.960 (95%CI: 0.945–0.981),
and 0.960 (95% CI: 0.946–0.981) in the training cohort, 0.881 (95% CI:
0.868–0.901), 0.901 (95%CI: 0.887–0.920), and0.897 (95%CI: 0.883–0.917)
in the internal validation cohort, and 0.855 (95% CI: 0.842–0.874), 0.860
(95% CI: 0.847–0.879), and 0.853 (95% CI: 0.841–0.872) in the external
validation cohort, respectively. The calibration curves of the SMAT-TC
model indicated good agreement between the predicted and observed
probabilities for 1-, 3-, and 5-year RFS inGCpatients across all cohorts (Fig.
1d–f). Decision curve analysis (DCA) revealed that across clinically relevant
probability thresholds, the SMAT-TC model provided greater clinical net
benefit than “treat-all” or “treat-none” strategies (Fig. 1g–o).

Patientswere stratified into high-,medium-, and low-risk groups using
the cutoff values of 0.283 and 0.589 derived from the SMAT-TC model.
Figure 2 compares the RFS rates of high-, medium-, and low-risk groups
across all cohorts. Risk distribution across cohorts was as follows: training,
27.0%high-risk (335/1242), 46.0%medium-risk (571/1242), 27.1% low-risk
(336/1242); internal validation, 23.2% (72/311), 54.3% (169/311), 22.5%
(70/311); external validation, 19.1% (59/309), 61.5% (190/309), 19.4% (60/
309). The SMAT-TC model discriminated risk groups with progressively
declining 3-year (99.6%vs. 67.0%vs. 10.9%) and 5-year RFS rates (98.8% vs.
61.7% vs. 2.4%). Cohort-specific stratification consistently revealed sig-
nificant RFS differences: for 3-year RFS rates, training (100.0% vs. 72.3% vs.
8.6%), internal validation (100% vs. 68.2% vs. 15.0%), external validation
(97.1% vs. 50.0% vs. 19.7%); for 5-year RFS rates, training (100% vs. 68.1%
vs. 1.5%), internal validation (100% vs. 59.7% vs. 3.7%), external validation
(91.7% vs. 45.9% vs. 5.9%). High-risk groups showed significantly reduced
RFS versus medium-risk (training: Hazard Ratio [HR] = 6.2, 95% CI:
5.1–7.6; internal validation: HR = 4.5, 95% CI: 2.9–7.0; external validation:
HR = 2.5, 95% CI: 1.6–3.8; all P < 0.001) and low-risk groups (training:
154.8, 95%CI: 123.5–194.1; internal validation: infinitely large HR; external
validation: HR = 23.9, 95% CI: 14.0–40.8; all P < 0.001). Medium-risk
patients also showed shorter RFS than low-risk patients (training: 25.5, 95%
CI: 18.4–35.3; internal validation: infinitely large HR; external validation:
HR = 9.0, 95% CI: 5.8–14.1; all P < 0.001). Subgroup analyses further
established the model-derived score as a robust predictor across all sub-
groups (Fig. 3).

Univariate and multivariable Cox regression analyses were performed
to identify independent prognostic factors for RFS. As shown in Table 4, the
SMAT-TC score was a strong independent predictor of RFS in both the
internal (HR = 255.2, 95% CI: 70.1–929.1, P < 0.001) and external (HR =
125.7, 95%CI: 44.5–355.2, P < 0.001) validation cohorts, after adjusting for
clinicopathologic variables. Table 5 shows

that Tumor, SM, andAT scores were independent predictors of RFS in
all cohorts (all P < 0.001), supporting the complementary prognostic
information provided by tumor, SM, and AT features.

Discussion
In this prognostic study, we developed aCT-based fusionmodel to improve
postoperative recurrence risk prediction inGCpatients. By integrating body
composition with tumor characteristics, we showed that the fusion model’s
predictive performance significantly surpassed models utilizing either a

Table 2 | Predictive performance of models in the training,
internal, and external validation cohorts

Dataset Model RFS (C-Index)

Training cohort Clinical model 0.782 (0.757–0.808)

Tumor model 0.946 (0.919–0.971)

SM model 0.939 (0.907–0.969)

AT model 0.914 (0.881–0.959)

TC model 0.965 (0.934–0.985)

SM-TC model 0.975 (0.944–0.994)

SMAT-TC model 0.966 (0.937–0.990)

Internal validation
cohort

Clinical model 0.737 (0.713–0.761)

Tumor model 0.866 (0.844–0.891)

SM model 0.858 (0.833–0.888)

AT model 0.835 (0.802–0.871)

TC model 0.871 (0.842–0.894)

SM-TC model 0.888 (0.861–0.917)

SMAT-TC model 0.890 (0.866–0.915)

External validation
cohort

Clinical model 0.603 (0.587–0.621)

Tumor model 0.820 (0.796–0.846)

SM model 0.808 (0.785–0.830)

AT model 0.791 (0.767–0.828)

TC model 0.825 (0.797–0.850)

SM-TC model 0.846 (0.824–0.875)

SMAT-TC model 0.855 (0.829–0.881)

SM skeletal muscle, AT adipose tissue, TC tumor-clinical, SM-TC SM-tumor-clinical, SMAT-TC
SM-AT-tumor-clinical.

Table 3 | The incremental prognostic value of SM and AT in predicting recurrence-free survival of GC

Models Internal validation cohort P-value External validation cohort P-value

SM-TC vs. TC model

NRI 0.074 (0.046–0.125) 0.037 0.185 (0.109–0.299) 0.016

IDI 0.009 (0.006–0.024) 0.048 0.019 (0.010–0.031) 0.029

SMAT-TC vs. SM-TC model

NRI 0.004 (0.003–0.012) 0.020 0.073 (0.045–0.114) 0.010

IDI 0.018 (0.011–0.027) 0.051 0.033 (0.022–0.052) 0.024

NRI net reclassification improvement, IDI integrated discrimination improvement, SM skeletal muscle, AT adipose tissue, RFS recurrence-free survival, GC gastric cancer.
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Fig. 1 | Performance of the SMAT-TCmodel for predicting 1-, 3-, and 5-year RFS
of GC patients in the training, internal validation, and external validation
cohorts, respectively. a–c Time-dependent receiver operating characteristic curves;

d–f Calibration curves; g–o Decision curve analysis. RFS recurrence-free survival,
GC gastric cancer.
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single data source. This approach illustrates how to maximize existing
imaging data without requiring additional invasive testing. The SMAT-TC
model, integrating primary tumor, SM, AT, and clinical features, showed
superior performance in predicting individual RFS. The results indicated
that the SMAT-TC model-predicted risk score was an independent risk
factor associated with tumor recurrence risk. This score stratified patients
into three prognostic subgroups with distinct RFS rates while identifying
high-risk patients who may benefit from intensified therapies such as AC.

The third lumbar vertebra (L3-level) SM area on CT images is well
correlated with whole-body muscle mass24. Due to its automatic and
reproducible measurement, it has been widely used to diagnose sarcopenia,
which is closely associated with cancer-related cachexia and decreased
survival rates. Numerous studies have confirmed that sarcopenia adversely
affects postoperative complications, chemotherapy efficacy, and long-term
survival in GC patients14,25–30. However, only several studies have integrated
SM status alongside tumor features in their predictive models. Lan et al.31

developed a nomogram for predicting postoperative complications in GC
patients, which includes the NRS2002 score, sarcopenia, blood loss, and
tumor radiomic signature. This model showed superior predictive accuracy
after adding sarcopenia to the radiomic signature and conventional clinical
features. Similarly, Anconina et al.32 found that combining tumor radiomic
features with imaging-derived sarcopenia on pretreatment18. F-FDG PET/
CT further improved survival prediction in surgically treated adenocarci-
noma esophagogastric cancer patients. These studies collectively confirmed
the incremental value of SM for predicting GC prognosis.

Compared to conventional morphological metrics, DL provides a
more accurate assessment of body composition. In our previous work33, we
constructed a DL-based SM model to predict survivals in GC patients
undergoing radical gastrectomy, showing higher accuracy compared to
conventional sarcopenia metrics. In this current study, our integrated SM-
TC and SMAT-TC models outperformed models based solely on SM, AT,
or TC, underscoring the diagnostic superiority of combined biomarkers.
Unlike previous studies that utilized only the SM or AT area for modeling,
we extracted high-dimensional DL features that go beyond human per-
ception to enhance predictive accuracy. Furthermore, by processing volu-
metric spatial information rather than single-slice tumor data as DL
network input, we enabled sufficient extraction of tumor heterogeneity.
Beyond target regions, we incorporated surrounding tissue influences by
inputting entire image slices into the network. This allows the DL archi-
tecture to autonomously learn global context and establish long-range
dependencies, thereby achieving enhanced predictive accuracy.

Despite the widespread success of CNNs in medical imaging over the
past decade, inherent architectural limitations constrain their performance
potential. Most current CNNs employ small convolution kernels, introdu-
cing bias toward local spatial structures that hampers themodeling of long-
range dependencies essential for comprehensive contextual
understanding34. Transformer has large theoretical and effective receptive
fields, thus possibly bring better understanding of contextual information

and long-range dependency than CNNs. This advantage is particularly
evident in the 3D Transformer for volumetric data, where anatomical
context is critical for medical image analysis. As a result, researchers have
leveraged these properties to develop Transformers that outperform CNNs
across various medical imaging tasks. To validate the superiority of the
Transformer over CNN, we compared their predictive performance in our
previous study33. As a result, the Transformed-based DL model exhibited
better discrimination ability both in the internal and external validation
cohorts, achieving C-indexes of 0.888 and 0.846 for predicting RFS,
respectively. These results highlight the superior predictive accuracy of the
Transformer as a network framework.

Our study also has some limitations. First, as our cohort exclusively
comprised Chinese patients, the generalizability of our findings to other
populations remains uncertain. Pathological subtypes, clinical character-
istics, and disease manifestations may differ in Western populations; thus,
external validation across diverse ethnic groups is essential. Second, body
composition analysis was confined to SM and AT at the L3 level. Future
studies may consider whole-abdominal body composition to better capture
regional heterogeneity. Additionally, the model relies on manually seg-
mented tumor regions, which may introduce interreader variability despite
the satisfactory segmentation consistency in our study. Integrating auto-
mated segmentation tools into the pipeline would improve reproducibility
and clinical applicability. Third, the retrospective nature of the study limited
our ability to analyze chemotherapy compliance in relation to multimodal
features such as SM composition. Due to the lack of prospectively collected
detailed data on dose modifications, treatment interruptions, and their
underlying causes (e.g., toxicities, patient-related factors, and socio-
economic barriers), we were unable to develop robust predictive models for
chemotherapy compliance. This gap should be addressed in future pro-
spective studies designed to systematically collect such information. Finally,
the inherent “black box” nature of DL models remains a challenge. Devel-
oping more intuitive and clinically transparent interpretation methods is
critical to fostering trust and facilitating the integration of DL-based tools
into routine practice.

In this current study, we developed and validated a prognostic and
predictive biomarker, a multisource imaging risk score, which allows GC
risk stratification by mining features from primary tumor, SM, and AT on
routinely acquired abdominal CT scans. The addition of L3-level body
composition images to the tumor images could enhance the accuracy of
recurrence risk prediction. The findings highlight the score’s potential to
refine personalized therapeutic strategies, reduce overtreatment, and
improve clinical decision-making in GC patients after surgery.

Methods
Study design and patient cohorts
The flowchart of the study population is presented in Fig. 4. We collected
two independent patient cohorts. First, a primary cohort fromCenter 1 was
used formodel development andhyperparameter optimization, comprising

Fig. 2 | Survival analysis of patient risk groups. Kaplan-Meier survival curves for patients categorized into high-, medium-, and low-risk groups in the training, internal
validation, and external validation cohorts. Statistical significance between groups was determined by the log-rank test.
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1900 patients who underwent radical (R0) resection for GC between
November 2010 and December 2020. The criteria for inclusion were as
follows: (1) age ≥18 years, (2) histopathologically confirmed GC, (3)
abdominal contrast-enhancedCT scan conducted within four weeks before
surgery, and (4) complete clinical and follow-up data. Exclusion criteria

included: (1) preoperative anticancer treatment, (2) concurrent malig-
nancies, (3) prior gastrectomy, (4) chronic hepatic/renal disease or wasting
disorders, and (5) inadequate CT data (missing scans, poor image quality,
incompleteL3 vertebral coverage, or non-visualized tumors).A total of 1553
patientswere eligible andwere randomly assigned to a training cohort (1242

Fig. 3 | Forest plots of subgroup analyses of the associationbetween the SMAT-TCmodel score andRFS in the internal and external validation cohorts.RFS recurrence-
free survival.
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patients, 23821 tumor slices, and 1242 body composition slices at the L3
level and an internal validation cohort (311 patients, 5893 tumor slices, and
311 body composition slices at the L3 level) at an 4:1 ratio. Second, an
external validation cohort from Center 2 (n = 326) comprised patients who
underwent R0 resection between April 2008 and January 2018, using the
same inclusion and exclusion criteria. This cohort assessed model gen-
eralizability. Finally, 309 patients (7911 tumor slices and 309 body com-
position slices at the L3 level) were collected in the external validation
cohort. The study protocol was approved by the local ethics committee and
institutional review board of each hospital (First Affiliated Hospital of Jinan
University: KY-2024-203; Hunan Cancer Hospital: KYJJ-2025-285), and
compliedwith theDeclaration ofHelsinki. The ethics committeewaived the
requirement for informed consent due to the retrospective nature and the
use of anonymized data for analysis.

All gastrectomies (i.e., distal, proximal, or total) were determined by
primary lesion location and performed by specialized surgeons using either
laparoscopic or open procedures. Lymph node dissection and gastric
reconstruction were conducted in accordance with the contemporary Japa-
nese GC Treatment guidelines. Combined multi-organ resection was per-
formed in cases suspected of involvement of adjacent organs by locally
advanced tumors. ACwas administered to patients at high risk of recurrence
within 4–6 weeks after surgery. The standard adjuvant regimen for stage II
GC or patients ineligible for doublet chemotherapy consisted of S-1 mono-
therapy for one year. For stage III disease, a six-month course of fluorouracil-
platinum-based combined therapy (e.g., CAPOX or SOX) was recom-
mended. The median number of AC cycles was 3 (interquartile range, 0–6).

The clinicopathological characteristicswere obtained from themedical
records, including sex, age, CEA level, tumor differentiation grade, tumor
location, TNM stage, positive LNR, and AC. Each record was collected by
experienced clinicians and was audited by a specially trained medical team.
Tumors were restaged according to the eighth edition of theAmerican Joint
Committee on Cancer staging system. The LNR was defined as the per-
centage of positive metastatic lymph nodes in the total number of lymph
nodes dissected. The N-stage and LNR were important clinicopathological
variables reflecting the lymph node burden. The clinical endpoint was RFS,
which was defined as the time from surgery to tumor recurrence or the last
follow-up.

Image acquisition and segmentation
All patients underwent preoperative contrast-enhanced abdominal CT
scans within four weeks before surgery. Detailed CT acquisition protocols
and parameters are provided in Supplementary Table 1. Images were
archived in thepicture archiving and communication system.Venous phase
images were analyzed due to their superior contrast between tumor tissue
and adjacent normal gastric structures.

The original CT images were preprocessed as follows: First, serial
transverse venous-phase slices containing tumor lesions were identified.
Two board-certified abdominal radiologists (with 5 years of clinical
experience) manually delineated tumor volumes using ITK-SNAP (https://
www.itksnap.org) software. All bounding boxes at each slice were resized to
128 × 128 × 48 pixels. Second, the areas of SM and AT (including visceral
adipose tissue, subcutaneous adipose tissue, and inter-muscular adipose

Table 4 | Univariate and multivariate Cox regression analyses of prognostic factors in patients with gastric cancer

Clinicopathological features Internal validation cohort External validation cohort

RFS (Univariate analysis) RFS (Multivariate analysis) RFS (Univariate analysis) RFS (Multivariate analysis)

HR (95% CI) P-value HR (95% CI) P-value HR (95% CI) P-value HR (95% CI) P-value

CEA level

Normal Ref. Ref.

Elevated 1.3 (0.7, 2.2) 0.379 0.7 (0.4, 1.1) 0.116

Unknown 0.5 (0.2, 1.1) 0.088 0.0 (0.0, inf) 1.000

T stage

T1 Ref. Ref.

T2 0.4 (0.1, 2.2) 0.317 0.6 (0.2, 1.5) 0.272

T3 1.4 (0.4, 4.9) 0.648 1.0 (0.5, 2.0) 0.970

T4 3.0 (1.0, 9.5) 0.060 0.7 (0.3, 1.5) 0.320

N stage

N0 Ref. Ref. Ref. Ref.

N1 0.7 (0.3, 1.7) 0.476 0.8 (0.3, 1.8) 0.581 0.9 (0.5, 1.5) 0.659 0.8 (0.4, 1.3) 0.336

N2 2.0 (1.0, 4.1) 0.047 1.0 (0.4, 2.4) 0.97 1.7 (1.1, 2.7) 0.026 0.7 (0.4, 1.2) 0.196

N3a 3.5 (1.8, 6.7) <0.001 0.7 (0.2, 1.9) 0.455 1.2 (0.7, 1.9) 0.512 0.4 (0.2, 0.8) 0.013

N3b 7.0 (3.4, 14.5) <0.001 0.6 (0.1, 2.2) 0.395 1.9 (1.1, 3.3) 0.019 0.4 (0.2, 1.1) 0.066

Tumor location

Fundus Ref. Ref. Ref. Ref.

Body 1.1 (0.6, 2.0) 0.807 0.9 (0.5, 1.8) 0.841 0.5 (0.3, 1.0) 0.034 0.5 (0.3, 0.8) 0.008

Antrum 0.6 (0.4, 1.2) 0.138 0.7 (0.4, 1.4) 0.339 0.5 (0.3, 0.8) 0.005 0.4 (0.3, 0.7) <0.001

≥2 locations 3.1 (1.1, 8.2) 0.026 2.4 (0.8, 6.9) 0.100 0.7 (0.3, 1.4) 0.284 0.5 (0.3, 1.2) 0.121

Lymph node ratio 17.5 (9.2, 33.2) <0.001 6.9 (1.5, 30.8) 0.012 2.3 (1.4, 3.6) 0.001 3.0 (1.2, 7.6) 0.017

Adjuvant chemotherapy

No Ref. Ref. Ref.

Yes 0.8 (0.5, 1.1) 0.202 1.7 (1.2, 2.3) 0.002 1.6 (1.2, 2.3) 0.005

SMAT-TC score 595.9 (194.5, 1826.0) <0.001 255.2 (70.1, 929.1) <0.001 138.2 (51.2, 372.6) <0.001 125.7 (44.5, 355.2) <0.001

Ref. Reference, RFS Recurrence-free survival, HR Hazard ratio. The bolded P-values indicate that the results were statistically significant (P < 0.05).
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tissue) at the L3 level were semi-automatically segmented using Darwin’s
research platform (https://arxiv.org/abs/2009.00908). Tissue differentiation
among SM, AT, and other tissues was based on Hounsfield units (HU). A
threshold range of−29 to 150HUwas used to define SM, and that of−190
to−30 HU was used to define AT. Finally, all segmentations were verified
and corrected by a senior abdominal radiologist with 10 years of experience.

Intra-reader reproducibility for manual tumor segmentation was
quantitatively evaluated using the DSC, HD95, and ASD on a randomly
selected 10% sample from the training cohort. Specifically, the DSC mea-
sured volumetric overlap between repeated segmentations; the HD95
quantified the maximum boundary discrepancy at the 95th percentile to
mitigate outlier effects; and the ASD provided the mean surface-to-surface
difference between contours.

DL procedures and the optimal model selection
DLmodels require large-scale datasets, as limited datamay cause overfitting
or training failure. Tomitigate this limitation,we applieddata augmentation
techniques including mirroring, rotation, resizing, cropping, translation,
and Gaussian noise addition. Each technique introduced stochastic trans-
formations through technique-specific parameters (e.g., rotation angles or
noise levels).

Our DL framework adopted a multi-stream Transformer archi-
tecture specifically designed to integrate complementary information
from body composition and tumor characteristics. The model archi-
tecture adheres to established Vision Transformer principles, with
specific adaptations for medical imaging and multimodal data fusion,
informed by successful applications in computational pathology and
radiology. As shown in Fig. 5, the model utilized a series of Transfor-
mer layers to effectively capture both local and global contextual
information, thereby enhancing feature representation robustness.
Each Transformer layer consisted of amulti-head self-attention (MSA)
module followed by a multi-layer perceptron (MLP) block.

Self-attention (SA) was a variant of the attentionmechanism designed
to establish internal correlations between each pixel in the abstract feature
map, allowing the model to focus on the global spatial relationships within
the feature map. The process was as follows:

When the input feature map obtained matrices Q, K, and V through
the mapping matrix, the similarity between matrix Q and matrix K was
calculated. To preserve spatial information, learnable absolute positional
encodingswere added to the patch embeddings before computingQ,K, and
V. Then, after splicing with matrix K, the weight of each pixel was mapped
using soft-max. Finally, theweight obtainedand themappingmatrixVwere

Table 5 | Univariate and multivariate Cox regression analyses of prognostic factors in patients with gastric cancer

Clinicopathological features Internal validation cohort External validation cohort

RFS (Univariate analysis) RFS (Multivariate
analysis)

RFS (Univariate analysis) RFS (Multivariate analysis)

HR (95% CI) P-value HR (95% CI) P-value HR (95% CI) P-value HR (95% CI) P-value

CEA level

Normal Ref. Ref.

Elevated 1.3 (0.7, 2.2) 0.379 0.7 (0.4, 1.1) 0.116

Unknown 0.5 (0.2, 1.1) 0.088 0.0 (0.0, inf) 1.000

T stage

T1 Ref. Ref.

T2 0.4 (0.1, 2.2) 0.317 0.6 (0.2, 1.5) 0.272

T3 1.4 (0.4, 4.9) 0.648 1.0 (0.5, 2.0) 0.970

T4 3.0 (1.0, 9.5) 0.060 0.7 (0.3, 1.5) 0.320

N stage

N0 Ref. Ref. Ref. Ref.

N1 0.7 (0.3, 1.7) 0.476 0.7 (0.3, 1.6) 0.358 0.9 (0.5, 1.5) 0.659 0.8 (0.5, 1.5) 0.527

N2 2.0 (1.0, 4.1) 0.047 0.8 (0.3, 1.8) 0.562 1.7 (1.1, 2.7) 0.026 0.9 (0.5, 1.7) 0.853

N3a 3.5 (1.8, 6.7) <0.001 0.7 (0.3, 1.9) 0.484 1.2 (0.7, 1.9) 0.512 0.7 (0.3, 1.4) 0.268

N3b 7.0 (3.4, 14.5) <0.001 0.7 (0.2, 2.5) 0.546 1.9 (1.1, 3.3) 0.019 0.4 (0.2, 1.1) 0.074

Tumor location

Fundus Ref. Ref. Ref. Ref.

Body 1.1 (0.6, 2.0) 0.807 0.7 (0.4, 1.4) 0.330 0.5 (0.3, 1.0) 0.034 0.7 (0.4, 1.3) 0.274

Antrum 0.6 (0.4, 1.2) 0.138 0.6 (0.3, 1.0) 0.061 0.5 (0.3, 0.8) 0.005 0.6 (0.4, 0.9) 0.019

≥2 locations 3.1 (1.1, 8.2) 0.026 0.3 (0.1, 0.9) 0.030 0.7 (0.3, 1.4) 0.284 0.7 (0.3, 1.5) 0.334

Lymph node ratio 17.4 (9.2, 33.2) <0.001 10.5 (2.6, 42.0) 0.001 2.3 (1.4, 3.6) 0.001 4.0 (1.7, 9.3) 0.002

Adjuvant chemotherapy

No Ref. Ref. Ref.

Yes 0.8 (0.5, 1.1) 0.202 1.7 (1.2, 2.3) 0.002 1.3 (0.9, 1.9) 0.101

Tumor score 271.1 (88.9, 826.3) <0.001 21.0 (6.0, 73.1) <0.001 347.0 (97.1, 1240.4) <0.001 40.7 (11.5, 144.6) <0.001

SM score 328.7 (100.3, 1077.7) <0.001 21.0 (5.3, 83.5) <0.001 76.4 (29.1, 200.7) <0.001 12.7 (4.4 36.3) <0.001

AT score 173.7 (60.9, 494.9) <0.001 25.0 (7.8, 80.2) <0.001 71.9 (27.7, 187.0) <0.001 17.1 (6.0, 48.9) <0.001

Ref. Reference, RFS Recurrence-free survival, HR Hazard ratio. The bolded P-values indicate that the results were statistically significant (P < 0.05).
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weighted as the output. Attention was calculated as follows:

Attention Q;K;Vð Þ ¼ softmax
QKT

ffiffiffiffiffi

dk
p

 !

V ¼ AV

The MSA module was formed by the parallel connection of six SA
modules to produce multiple output maps. The final output was typically a
concatenation and projection of all outputs of SAmodules, which could be
given by:

Zi ¼ SA X× Wq
i ;X× Wk

i X × Wv
i

� �

;

MSA Q;K;Vð Þ ¼ Concat Z1; . . . ;Zh

� �

× Wo

EachMSAmodule was followed by anMLP block. MLP was a crucial
component as it injected inductive bias into the Transformer, which was
lacking in the MSA. This was because MLP was local and translation-
equivariant, while SA computation was a global operation. The MLP was
comprised of two feed-forward networks with aGaussian Error LinearUnit
activation in between:

MLP xð Þ ¼ + xW1 þ b1
� �

W2 þ b2

Where x denotes the input, and W and b denote, respectively, the weight
matrix and the bias of the corresponding linear layer. The dimensions of the
weightmatrices,W1 andW2,were typically set asD × 4Dand 4D ×D. Since
the input was a matrix of flattened and tokenized patches, applyingW to x
was analogous to applying a convolutional layer with a kernel size of 1 × 1.
Consequently, the MLPs in the Transformer were highly localized and
equivariant to translation.

We developed seven models for predicting RFS probabilities: Clinical,
Tumor, SM, AT, TC, SM-TC, and SMAT-TC models. The Clinical model

included significant clinical risk factors identified through multivariable
Cox regression. The SM,AT, andTumormodelswere developedusing two-
dimensional (2D) SM images at the L3 level, 2D AT images at the L3 level,
and three-dimensional (3D) tumor images, respectively. The TC model
integrated tumor imaging signatures with significant clinical risk factors.
The SM-TC model combined tumor and SM imaging signatures with sig-
nificant clinical risk factors. The SMAT-TCmodel further incorporated all
imaging signatures (i.e., tumor, SM, and AT) with significant clinical risk
factors. Details of the imaging-based prediction models’ construction were
as follows:
(1) SM model: The SM model processed 2D venous-phase CT images at

the L3 level with corresponding SMmasks. The input images were first
segmented into non-overlapping patches, which were then linearly
projected into 512-dimensional embedding vectors. Learnable posi-
tional encodings were incorporated to preserve spatial relationships
within the image. The embedded patches passed through a series of
four Transformer layers, each comprising an MSA mechanism
followed by anMLP block with Gaussian Error Linear Unit activation.
Layer normalization was applied before each sub-component, and
residual connections ensured stable gradient flow during training.

(2) AT model: The AT model maintained an identical architectural con-
figuration to the SM model, processing L3-level CT images with AT
masks while employing separate, non-shared parameters to capture
modality-specific feature representations. This parallel processing
strategy allowed each stream to develop specialized feature detectors
tailored to its respective tissue type.

(3) Tumor model: For volumetric tumor analysis, the Tumor model
processed consecutive CT slices encompassing the entire tumor
volume. The architecture adapted the standard Transformer frame-
work to handle 3D data through volumetric patch extraction and 3D
positional encoding. While maintaining the same fundamental layer
configuration as the 2D models, the tumor stream incorporated 3D-
aware operations that captured spatial relationships across multiple
slices, enabling comprehensive tumor characterization.

Fig. 4 | Patient flowchart. GC gastric cancer, L3 the third lumbar vertebra.
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(4) TC model: Building upon the Tumor framework, the TC model
integrated tumor features with significant clinical risk factors, includ-
ing CEA level, tumor location, T stage, N stage, LNR, and AC. The
clinical variables were embedded via a linear projection layer. The
resulting feature representations from various modalities were con-
catenated and processed via an additional series of four Transformer
layers that learned cross-modal interactions and captured comple-
mentary prognostic information.

(5) SM-TC model: The SM-TC model extended the analytical scope
beyond the tumor by integrating SM, alongside tumor imaging and
clinical factors. The model used separate Transformer encoders to
process SM and tumor imaging data, thereby retaining theirmodality-
specific characteristics. Similar to theTCmodel, the features fromthree
streams—SM, tumor, and embedded clinical variables—were con-
catenated and fused through a subsequent series of four Transformer
layers.

(6) SMAT-TCmodel: Building on the SM-TC framework, the SMAT-TC
model introduces AT as a third imaging modality. The expanded
architecture processed SM, AT, and tumor regions through dedicated
Transformer encoders that operated in parallel, preserving the unique
characteristics of each data source. The model then integrated all
imaging-derived features with clinical risk factors through a unified
Transformer-based fusion module that implemented cross-modal
attention mechanisms, enabling the network to learn synergistic
relationships between different data types and ultimately enhancing
predictive performance for recurrence risk assessment.

During training, model predictions were evaluated using a cross-
entropy loss function to measure the discrepancy between outputs and
ground-truth labels. Model parameters were iteratively updated via back-
propagation using anAdamWoptimizer to progressivelyminimize the loss
function. Through this optimization process, the model’s predictions gra-
dually converged toward the ground-truth labels, yielding optimizedmodel
parameters. The final model output provided quantitative recurrence risk
scores for each GC patient, enabling stratification of patients based on their
recurrence probability.

The performance of various models was compared using the C-index.
The incremental value of adding body compositionwas quantified using the
NRI and IDI. The model achieving the highest C-index was selected for
subsequent analyses.

Predictive performance evaluation of the optimal model
The predictive ability of the optimal model was evaluated using time-
dependent ROC analysis, calibration curve, and DCA. Patients were
stratified into high-, medium-, or low-risk groups using the IQR of
predictive scores from the training cohort. Specifically, patients with
risk scores above the third quartile (Q3) were classified as high-risk,
those with scores between the first quartile (Q1) and Q3 as medium-
risk, and those with scores below Q1 as low-risk. Survival outcomes
among the three risk groups were compared using Kaplan–Meier
curves with the Log-rank test. Post hoc analyses examined the rela-
tionships between risk groups across subgroups stratified by sex, age,
TNM stage, differentiation grade, and AC.

Fig. 5 | Overview of the workflow of this study. AC adjuvant chemotherapy, AT
adipose tissue, CEA carcinoembryonic antigen, DL deep learning, LNR lymph node
ratio, L3 the third lumbar vertebra, MLP multi-layer perceptron, MSA multi-head

self-attention, ROC receiver operating characteristic, SM skeletal muscle, SM-TC
SM-tumor-clinical, SMAT-TC SM-AT-tumor-clinical, TC tumor-clinical, 2D two-
dimensional, 3D three-dimensional.
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Statistical analysis
Statistical analyses were conducted using Python (version 3.8), SPSS (ver-
sion 26.0), and MedCalc (version 20.21). Continuous variables were asses-
sed for normality using the Shapiro–Wilk test. Variables following a normal
distribution were presented with mean ± standard deviation (SD), while
non-normally distributed variables were presented with median (IQR).
Continuous variableswere comparedusing the one-way analysis of variance
or the Kruskal–Wallis test as appropriate, and categorical variables were
compared using the Chi-square test. Calibration curves, along with the
Hosmer-Lemeshow test, were used to compare the predicted survival
probabilities with the actual probabilities. DCA was performed to evaluate
the net benefit associated with the optimal model at various threshold
probabilities. The association between themodel-derived risk score andGC
prognosis was assessed using univariate and multivariable Cox regression
analyses. The variables that were significant in the univariate Cox regression
analysis (P < 0.05) were included in the multivariable Cox regression ana-
lysis. A two-tailed P-value < 0.05 was considered statistically significant.

Data availability
The imaging data used in this study are protected and not publicly available
due to personal information protection, patient privacy regulations, and
institutional data-sharing policies. However, the data can bemade available
to qualified researchers for academic purposes upon reasonable request.
Interested parties may contact the corresponding author, who will review
each request for scientific merit and compliance with data governance
requirements. The source codes used in this study are available at https://
github.com/MedAI-Lab/SMAT-TC, which can only be used for non-
commercial research purposes.
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