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Abstract
Background

Pathological TNM staging classifies recurrence risk at the group level but cannot resolve intra-stage
biological heterogeneity. We aimed to develop a Random Survival Forest (RSF) model predicting
recurrence-free survival (RFS) after curative gastrectomy and to quantify the clinical significance of intra-
stage risk heterogeneity.

Methods

This retrospective single-center study included patients who underwent RO gastrectomy for pathological
Stage IIA-11IC gastric cancer (2008-2020). Ten clinicopathological predictors were modeled using RSF
with multivariate iterative imputation. The development cohort (2008-2015; n = 330) was temporally
validated (2016-2020; n = 156) using Harrell's C-index, time-dependent AUC (td-AUC), decision curve
analysis (DCA), and net reclassification improvement (NRI).

Results

Among 486 patients, RSF achieved a validation C-index of 0.729 (95% confidence interval 0.653-0.809)
and td-AUC of 0.764 and 0.777 at 3 and 5 years, respectively, compared with 0.687,0.711, and 0.731 for
pathological stage alone. The predicted 3-year cumulative recurrence probability showed clinically
meaningful intra-stage heterogeneity for Stages II-1lIB (interquartile range, 10—15 percentage points;
log-rank p <0.001 for each). Stage IlIC showed a narrow predicted-risk distribution (coefficient of
variation 0.18), reflecting uniformly high recurrence burden. DCA demonstrated net benefit over a stage-
based strategy at 20—50% threshold probability.

Conclusions

RSF quantifies clinically meaningful intra-stage heterogeneity in Stages II-11I1B gastric cancer after
curative resection. Stage IlIC represents a uniformly high-risk subgroup already well-captured by TNM
staging. These findings provide a risk-stratification framework for individualized postoperative
surveillance planning and a benchmark for multicenter validation.

Trial registration:
UMIN Clinical Trial Registry, UMIN000061288 (registered 1 May 2026).

Introduction
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Gastric cancer, one of the most prevalent malignancies worldwide, is a leading cause of cancer-related
mortality in Japan [1]. Despite curative resection, recurrence occurs in 20%—50% of patients and
substantially compromises long-term prognosis [2, 3]. Current risk stratification relies primarily on
pathological TNM staging; however, demonstrating that this classification inadequately separates
patients with varying prognoses within the same stage, Sano et al. [4] proposed a revised TNM stage
grouping to address intra-stage outcome heterogeneity, underscoring the need for more precise risk
stratification tools.

Accurate prediction of postoperative recurrence could directly influence clinical practice by
individualizing postoperative surveillance frequency, supporting perioperative chemotherapy selection,
and facilitating shared decision-making [5, 6]. Furthermore, as biomarker-driven perioperative therapies
based on HER2 expression, microsatellite instability (MSI), and programmed death-ligand 1 (PD-L1)
status continue to evolve [7, 8], recurrence risk models may add another layer of precision to guide
treatment intensity.

Several machine learning (ML) approaches have been developed to predict gastric cancer recurrence. A
multicenter study of 11,615 patients from 10 Chinese institutions developed 10 ML models to predict
early recurrence, reporting areas under the receiver operating characteristic curves (AUROCs) of 0.80-
1.00 [9], although the study lacked an independent validation cohort. A single-center comparison of five
ML algorithms achieved an AUROC of up to 0.962 [10]; however, calibration and decision curve analysis
(DCA) were not evaluated. A systematic review of ML survival prediction models in gastric cancer found
that most published studies lacked sufficient independent validation and had inadequately handled
missing data [11]. Importantly, previous ML studies predominantly adopted binary outcome modeling
without incorporating censoring information, which violates the assumptions required for valid clinical
risk prediction. Furthermore, these studies were predominantly conducted in Western and Chinese
cohorts.

To address these limitations, we followed the TRIPOD + Al statement [12] and designed the present
study to: (1) develop an RSF model predicting recurrence-free survival (RFS) after curative RO
gastrectomy for pathological Stage IIA-IIIC gastric cancer in the ACTS-GC era, using a time-to-event
framework with appropriate censoring handling; (2) temporally validate model performance using
Harrell's C-index, time-dependent AUC (td-AUC), calibration, and DCA; and (3) quantify the extent of intra-
stage recurrence risk heterogeneity and determine whether it is of clinically meaningful magnitude.

Patients and Methods

Study Design and Participants

This was a single-center retrospective cohort study. Patients aged = 20 years who underwent curative
(RO) resection for gastric adenocarcinoma (pathological Stage IIA, 1B, llIA, llIB, or IlIC per the Japanese
Classification of Gastric Carcinoma, 15th edition) between January 2008 and December 2020 were
eligible. Eligible surgical procedures included total gastrectomy (TG), distal gastrectomy (DG), or
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proximal gastrectomy (PG) with lymph node dissection [13]. Patients with poor functional status or
those who underwent emergency procedures were excluded. Additional exclusion criteria included: (1)
concurrent non-gastric malignancy, (2) neoadjuvant chemotherapy, and (3) a follow-up duration of < 90
days without a recurrence event. Pathological Stage IIA encompasses T3NO, T2N1, and T1bN2 disease;
per Japanese guidelines and institutional practice, adjuvant S-1 was not routinely administered for T3NO
or T1bN2 disease (reflecting guideline-concordant decision-making in the ACTS-GC era rather than
protocol non-compliance). The Institutional Review Board of Kameda Medical Center approved this study
(approval number: 25-003), and the requirement for individual informed consent was waived because of
the retrospective study design.

Data Partitioning

Patients treated between January 2008 and December 2015 comprised the development cohort (n =
330), and those treated between January 2016 and December 2020 formed the temporal internal
validation cohort (n = 156). This chronological split was pre-specified to reflect a realistic deployment
scenario while ensuring a minimum events-per-variable (EPV) ratio of 10.2 in the development cohort
[14]. The validation cohort was excluded entirely from model development.

Outcome

The primary outcome was recurrence-free survival (RFS), defined as the time from surgery to confirmed
first recurrence at any site. Death without prior recurrence was treated as a competing event [15].
Patients alive without recurrence at the last follow-up visit were censored. Recurrence was confirmed via
imaging (computed tomography), histopathological diagnosis, or both.

Predictors

Ten clinicopathological predictors available at four to six weeks after surgery (when pathological results
are finalized) were pre-specified: age, serum albumin (Alb), C-reactive protein (CRP), carcinoembryonic
antigen (CEA), carbohydrate antigen 19-9 (CA19-9), pathological T-category (pT; ordinal encoding 1a=1 to
4b=6), number of pathologically positive lymph nodes (pN_num), maximum tumor diameter (size),
lymphovascular invasion grade (ly; ordinal 0-3), and administration of adjuvant S-1 chemotherapy
(binary). Adjuvant S-1 was included as a covariate to adjust for guideline-concordant treatment
differences, not as a treatment effect estimator. The Charlson Comorbidity Index (CCIl) was excluded
because, in a competing-risks framework where death without recurrence is handled separately, CCI
primarily predicts the competing event rather than cancer-specific recurrence.

Missing Data

Missing values were handled using multivariate iterative imputation (Iterativelmputer; estimator:
Bayesian Ridge, max_iter = 20), which sequentially imputes each variable from all others and preserves
the intervariable correlation structure better than single-value imputation [11]. To prevent data leakage,
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the imputer was fitted exclusively on the development cohort and applied via transformation to the
validation cohort.

Model Development

The primary model was a Random Survival Forest (RSF) [16] implemented in scikit-survival
(n_estimators = 500, min_samples_leaf = 15, max_features = “sqrt”, random seed 42). The null
comparator was a Cox proportional hazards model with pathological stage as the sole ordinal predictor,
used to quantify the incremental value of the RSF. No class-resampling (SMOTE) or post-hoc probability
calibration was applied, because the RSF directly estimates survival functions that accommodate
censoring.

Model Evaluation

Discrimination was assessed using Harrell’'s C-index and td-AUC at 3 and 5 years [17]. Calibration was
assessed using quintile-based Kaplan—Meier observed versus model-predicted cumulative incidence at
3 and 5 years. Bootstrap 95% confidence intervals (Cls) for all discrimination metrics were derived from
1,000 validation-cohort resamples. Clinical utility was evaluated using DCA [18] at the 3-year horizon. Net
Reclassification Improvement (NRI) and Integrated Discrimination Improvement (IDI) were calculated
using continuous reclassification, with bootstrap 95% Cls from 1,000 iterations [19].

Intra-Stage Heterogeneity Analysis

For each stage group (Stage Il [IIA+IIB combined; observed recurrence rates 15.3% and 17.9%,
respectively], Stage IlIA, Stage IlIB, and Stage IIIC), the distribution of RSF-predicted 3-year cumulative
recurrence probability was visualized as violin plots. The interquartile range (IQR) of predicted risk within
each stage group was the primary heterogeneity metric, with > 10 percentage points pre-specified as
clinically meaningful. The coefficient of variation (CV) characterized relative spread. Patients were
classified as low or high risk by the development-cohort stage-specific median predicted probability, and
Kaplan—Meier RFS curves were compared by log-rank test in the combined cohort.

Model Interpretability

Variable importance was quantified by permutation importance (30 repeats; decrease in C-index) using
the development cohort. The direction of predictor effects was confirmed using SHapley Additive
exPlanations (SHAP) values [20] computed with a gradient-boosting classifier proxy model.

Statistical Analyses

Continuous variables were compared using the Mann—Whitney U test, and categorical variables were
compared using the chi-squared test (two-sided, a = 0.05). All analyses were conducted in Python 3.13
(scikit-learn, scikit-survival, lifelines, shap). The analysis code is publicly available at
https://github.com/GoshiFujimoto/gc_recurrence_rsf. The random seed was fixed at 42 throughout all
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computations. This study was conducted and reported in accordance with the Strengthening the
Reporting of Observational Studies in Epidemiology (STROBE) statement.

Results

Patient Characteristics

A total of 486 patients met the inclusion criteria (development n = 330, temporal validation n = 156; Table
1). Recurrence occurred in 102 of 330 development patients (30.9%) and 51 of 156 validation patients
(32.7%). Competing events (death without recurrence) occurred in 63 and 19 patients, respectively. The
cohorts were broadly similar in age, sex, tumor markers, lymph node count, and tumor size.
Lymphovascular invasion grade was significantly higher in the development cohort (median 2.0 vs. 1.0;
p <0.001), and censored follow-up was longer (median 7.3 vs. 5.0 years; p < 0.001)—both structural
consequences of the chronological split.

Temporal Validation Performance

In the temporal validation cohort, RSF achieved a C-index of 0.729 (95% CI 0.653—0.809) versus 0.687
(0.616-0.765) for pStage-only Cox (Table 2; Fig. 1). Time-dependent AUC at 3 and 5 years was 0.764
(0.673-0.851) and 0.777 (0.688-0.863) for RSF and 0.711 (0.619-0.802) and 0.731 (0.637-0.823) for
pStage-only Cox, respectively. All 95% Cls overlapped between models, reflecting the statistical
limitations of the 156-patient validation cohort. Calibration plots at 3 and 5 years demonstrated good
agreement at lower risk quintiles, with modest over-prediction at the highest quintile (Fig. 2).

DCA, NRI, and IDI

DCA demonstrated that the RSF model yielded higher net benefit than a pStage-based strategy across
the clinically relevant threshold range of 20%—50% predicted 3-year recurrence probability (Fig. 3).
Continuous NRI was 0.065 (95% CI -0.126 to 0.242) and IDI was 0.017 (95% CI -0.005 to 0.039), neither
reaching statistical significance, reflecting limited statistical power at the current sample size.

Intra-Stage Heterogeneity

The violin plots of predicted 3-year cumulative recurrence demonstrated clinically meaningful intra-stage
heterogeneity for Stages I, lllA, and |lIB (Fig. 4; Table 3). The IQR of predicted 3-year recurrence was:
Stage 11 0.101 (10.1 percentage points), Stage IlIA 0.136, and Stage IlIB 0.147, all exceeding the pre-
specified 10 percentage-point threshold. Kaplan—Meier analysis (combined cohort) showed significant
RFS separation between low- and high-risk groups in Stage Il (log-rank p < 0.001; threshold 17.3%), Stage
1A (p < 0.001; threshold 29.5%), and Stage IlIB (p < 0.001; threshold 34.5%). In Stage Il, recurrence
occurred in 10/118 low-risk patients (8.5%) versus 30/125 high-risk patients (24.0%); in Stage IlIA, 10/55
(18.2%) versus 30/53 (56.6%); in Stage I1IB, 7/36 (19.4%) versus 18/30 (60.0%).
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Stage llIC exhibited a notably narrow predicted-risk distribution (IQR 0.157; CV 0.180), substantially lower
than Stages II-IlIA (CV 0.355-0.401), with a median predicted 3-year recurrence of 54.9%. Median-based
two-group stratification showed no significant RFS difference (p = 0.678). Quartile-based analysis
revealed a significant risk gradient (Q1 vs. Q4 log-rank p =0.019; Q1 event rate 44.4% vs. Q4 94.1%).

Variable Importance

Permutation importance identified positive lymph node count as the dominant predictor (AC-index =
0.111), followed by pT-category (0.038), age (0.021), CA19-9 (0.019), and CEA (0.017) (Fig. 5). SHAP
analysis confirmed that higher lymph node count and higher pT category were associated with increased
predicted recurrence risk, while higher albumin was protective. Adjuvant S-1 showed the lowest
importance (AC-index = 0.003), consistent with its role as a treatment covariate in a population receiving
guideline-concordant care.

Discussion

In this retrospective study of Japanese patients who underwent curative resection for pathological Stage
[IA-IIIC gastric cancer, the RSF model achieved a validation C-index of 0.729 and td-AUC of 0.764 and
0.777 at 3 and 5 years, demonstrating meaningful intra-stage risk heterogeneity in Stages Il through IlIB.

Individualized Surveillance

The significant difference in RFS between the groups predicted to be at high and low risk (log-rank p <
0.001 for Stages Il [lIA, and 11IB) supports risk-stratified postoperative follow-up. However, the evidence
that intensified surveillance improves survival in patients with gastric cancer remains inconclusive. A
systematic review and meta-analysis reported that detecting asymptomatic recurrence was associated
with improved post-recurrence survival [21], whereas another meta-analysis found no significant
differences in recurrence detection rates or post-recurrence survival with planned surveillance [22]. In
this context, the clinical role of the present model may lie less in intensifying standard follow-up and
more in identifying high-risk patients for expedited intervention at recurrence or enrollment in clinical
trials.

Intra-Stage Heterogeneity and Stage IlIC

The principal finding of this study is that a 10-variable RSF model quantifies clinically meaningful intra-
stage heterogeneity that TNM staging cannot resolve for Stages II-IlIB. The Stage IlIC finding warrants
specific interpretation: the narrow predicted-risk distribution (CV = 0.180 versus 0.355-0.401 for Stages
l1-111A) and absence of significant two-group separation do not indicate model failure. Rather, Stage IlIC
constitutes the most advanced resectable category, with a cohort recurrence rate of 69.6% and near-
universal early recurrence burden. In this subgroup, the marginal contribution of nutritional and
inflammatory biomarkers is overwhelmed by the dominant pathological burden, and TNM staging alone
adequately captures the recurrence signal.
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Actionable Clinical Proposals

Based on the present findings, we propose two concrete clinical applications of the RSF model. First,
patients in the high-risk stratum (predicted recurrence probability exceeding the stage-specific median)
should be considered candidates for intensified imaging follow-up—specifically, switching from semi-
annual to quarterly computed tomography during the first 2 postoperative years. This interval-based
trigger is consistent with existing recommendations for individualized surveillance based on recurrence
hazard rates [5,6] and aligns with the 20—50% threshold range used in our DCA. Second, the model
supports shared prognostic communication: a clinician can present an individualized cumulative
recurrence probability, enabling informed discussion regarding surveillance intensity preferences and
participation in clinical trials [23]. This model estimates recurrence risk given the treatment actually
administered and does not support causal inferences about adjuvant chemotherapy benefit in individual
patients.

Comparison with Prior Prediction Methods

The current standard for postoperative risk stratification is the pathological TNM staging system, which
does not adequately capture intra-stage biological heterogeneity or the complex interplay among
nutritional status, comorbidities, and perioperative factors. TNM-based homogram studies are often
derived from single-center datasets and rarely report calibration or DCA. Compared with a prior ML study
of 11,615 patients from 10 Chinese institutions reporting AUROCs of 0.80-1.00 [9] and a separate
federated learning model across four Chinese institutions achieving AUROCs of 0.710-0.869 [24], the
present RSF model achieved a validation C-index of 0.729 versus 0.687 for pStage-only Cox, using a
smaller, single-center Japanese dataset. The 0.042 C-index advantage is of modest absolute magnitude,
and the 95% Cls overlap; however, DCA showed consistent net benefit over the stage-based strategy at
the clinically relevant 20%—-50% threshold range, indicating that continuous risk scores carry decision-
relevant information not fully captured by stage-level predictions.

Characteristics of the Japanese Cohort

The study period (2008-2020) spans the ACTS-GC era of adjuvant S-1 for pathological Stage II-lI
gastric cancer, following the landmark ACTS-GC trial [25]. This era is characterized by considerable
evolution in surgical technique (laparoscopic gastrectomy) and adjuvant chemotherapy regimens. The
dominant role of positive lymph node count—rather than categorical pN stage—likely reflects the
continuous biological gradient that categorical classification necessarily discretizes, consistent with
prior evidence that the absolute lymph node ratio provides incremental prognostic information beyond
categorical pN staging. The low permutation importance of adjuvant S-1 (0.003) is consistent with the
prognostic—rather than predictive—role of this covariate: all guideline-eligible patients received standard-
of-care treatment, limiting the model’s ability to estimate treatment effect.

Interpretation of DCA
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The 20%—-50% threshold range used in the DCA was selected based on two specific clinical decision
points: the intensification of postoperative imaging surveillance (switching from semi-annual to quarterly
CT during the first 2 postoperative years) and consideration of clinical trial enrollment for high-risk
patients. This selection is consistent with DCA methodology, wherein net benefit is evaluated over a
range of threshold probabilities that clinicians would consider plausible triggers for action [18]. The NRI
of 0.065 and IDI of 0.017, while directionally positive, did not reach statistical significance at the current
sample size. The DCA findings nonetheless suggest that continuous risk scores carry decision-relevant
information in the moderate-risk threshold range.

Study Limitations

First, temporal validation within a single institution does not establish geographic generalizability. The
transportability of the model to institutions with different surgical volumes or case-mix characteristics
could not be established from the present study. Validation in geographically distinct Japanese cohorts
is required before broad claims of generalizability can be made. Nevertheless, temporal validation is
widely recognized as a necessary and accepted intermediate step preceding full external validation [26].
The present findings provide a methodological foundation upon which future multicenter external
validation studies, including those leveraging the Japan Surgical Society National Clinical Database
(NCD) [25], can be built.

Second, the binary recurrence definition does not distinguish early (< 2 years) from late recurrence, which
carry different prognostic implications [3]. Survival analysis frameworks incorporating time-to-recurrence
type and site as competing endpoints should be explored in future work. Third, lymphovascular invasion
grade differed significantly between cohorts (p < 0.001), potentially attenuating validation performance;
this likely reflects evolving pathological reporting standards across the study period. Fourth, SHAP
values were computed using a gradient-boosting classifier proxy due to current incompatibility between
RSF and tree-based SHAP explainers; the variable importance ranking was consistent between
permutation importance and proxy SHAP. Fifth, the EPV of 10.2 is borderline; bootstrap optimism
correction was not applied, and mild overfitting cannot be excluded.

Prospects

Future research should involve (1) independent validation in geographically distinct cohorts through the
NCD [25], targeting EPV =10; (2) integration of CT-based imaging biomarkers and molecular markers
(HER2, MSI-H, and PD-L1)—for which CT radiomics models enabling non-invasive simultaneous
prediction have recently been developed [27]—to enhance model performance; and (3) a prospective
interventional study evaluating whether risk-stratified surveillance guided by the model improves
recurrence detection rates or survival. The TRIPOD+Al-compliant framework [12] and open-source code
used in the present study are intended to serve as methodological templates for future ML prediction
research in gastric cancer.

Conclusions
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In a single-center Japanese cohort of patients undergoing curative resection for pathological Stage II1A-
[11IC gastric cancer in the ACTS-GC era, the RSF model demonstrated that Stages Il llIA, and 11I1B harbor
clinically meaningful intra-stage heterogeneity in RFS that TNM staging alone cannot resolve. Stage IIIC
represents a uniformly high-risk subgroup already well-characterized by conventional staging. The
model’s continuous individual risk estimates provide a quantitative basis for risk-stratified postoperative
surveillance planning, and the present findings serve as a methodological benchmark for future
multicenter external validation.
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Table 1. Patient and tumor characteristics by cohort (pStage IIA-1IC, RO gastrectomy, 2008-2020)
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Variable Development Temporal p-value Test
2008-2015 validation
(n = 330) 2016-2020
(n=156)
Events (recurrence), n (%) 102 (30.9%) 51 (32.7%) — —
Competing events (death w/o 63 19 — —
recurrence)
Age (years), median (IQR) 71.0 (64.0- 72.0 (65.0-78.0) 0.295 U
77.8)
Male sex, n (%) 238 (72.1%) 110 (70.5%) 0.682 X2
Albumin (g/dL) 3.8(3.4-4.2) 3.8(3.6-4.1) 0.346 U
CRP (mg/dL) 0.2 (0.1-0.5) 0.1 (0.1-0.3) 0.017* U
CEA (ng/mL) 2.2 (1.4-4.3) 2.4 (1.6-4.9) 0.149 U
CA19-9 (U/mL) 9.8 (5.5-20.9) 10.4 (6.1-25.4) 0264 U
pStage, n (%)
1A 99 (30.0%) 38 (24.4%) — -
1B 81 (24.5%) 25(16.0%) - -
A 61 (18.5%) 47 (30.1%) - -
1B 44 (13.3%) 22 (14.1%) — -
e 45 (13.6%) 24 (15.4%) — -
Positive LN count 2.0 (1.0-6.0) 2.0 (0.0-6.0) 0367 U
Tumor size (mm) 52.8 (37.2- 55.0 (40.0-70.0) 0.943 U
70.0)
LVI grade (0-3) 2.0 (1.0-3.0) 1.0 (0.0-3.0) <0.001* U
S-1 adjuvant, n (%) 185 (56.1%) 86 (55.1%) 0.847 X2
Follow-up (years) [censored] 7.3(3.8-9.7) 5.0 (3.3-5.8) <0.001* U

Values are median (interquartile range) unless otherwise stated. IQR, interquartile range; LN, lymph
node; CRP, C-reactive protein; CEA, carcinoembryonic antigen; LVI, ymphovascular invasion. *p < 0.05.
CRP and LVI grade differences reflect temporal trends in pathological reporting and surgical technique;
the follow-up difference is a structural consequence of the chronological split. U= Mann-Whitney U test;
X2 = chi-squared test.

Table 2. Discriminative performance of RSF versus pStage-only Cox proportional hazards model
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Metric RSF RSF Cox (pStage)  Cox (pStage)
Development  Validation (95% CI) Development  Validation (95% ClI)

Harrell's C-index  0.801 0.729 (0.653-0.809) 0.690 0.687 (0.616—
0.765)

td-AUC 3-year — 0.764 (0.673-0.851) - 0.711 (0.619-
0.802)

td-AUC 5-year — 0.777 (0.688-0.863) - 0.731 (0.637-
0.823)

NRI - 0.065 (-0.126 to — Reference

(continuous) 0.242)

IDI - 0.017 (-0.005to — Reference

0.039)

95% Cls estimated from 1,000 bootstrap resamples of the validation cohort. RSF, random survival forest;
td-AUC, time-dependent area under the ROC curve; NRI, net reclassification improvement; IDI, integrated
discrimination improvement; Cl, confidence interval. Note: all 95% Cls for C-index and AUC overlap
between models, reflecting limited statistical power of the validation cohort (n = 156).

Table 3. Intra-stage heterogeneity of predicted 3-year cumulative recurrence probability (combined
cohort, n = 486)

Stage N Events Median IQR cv Low-risk High-risk Log-

group n (%) ci3 (pp) n/ events n/ events rank p

Stage 243 40 0.175 10.1 0.401 118/10 125/ 30 <0.001

(IIA+11B) (16.5%) (8.5%) (24.0%)

Stage llIA 108 40 0.293 13.6 0.355 55/10 53/30 <0.001
(37.0%) (18.2%) (56.6%)

Stage IlIB 66 25 0.337 147 0.268 36/7 30/18 <0.001
(37.9%) (19.4%) (60.0%)

Stage lliIC 69 48 0.549 15.7 0.180 40/24 29 /24 0.678
(69.6%) (60.0%) (82.8%)

ci3, predicted 3-year cumulative recurrence probability; IQR, interquartile range (in percentage points, pp);
CV, coefficient of variation. Low/high-risk groups defined by development-cohort stage-specific median
ci3. Log-rank p-values from combined development + validation cohort.

Figures
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Figure 1

Discriminative performance comparison: Harrell's C-index and time-dependent AUC at 3 and 5 years for
RSF versus pStage-only Cox in the temporal validation cohort (n = 156). Points indicate point estimates;
horizontal bars indicate 95% bootstrap confidence intervals (1,000 iterations). AUC, area under the
receiver-operating-characteristic curve; RSF, Random Survival Forest

Page 16/18



0.30 -
= RSF model
—— pStage-based strategy
0.25 -\ e Treat all
— Treat none
0.20
& 0.15 1
Q
o=
<]
L
©
Z 010 4
0.05
0.00 .
2E}.—‘50% clinical range
-0.05 T T — T 1 T 1
10% 20% 30% 40% 50% 60% 70%
Threshold probability
Figure 3

Decision curve analysis at the 3-year recurrence horizon (combined cohort, n = 486). Net benefit for the
RSF model, pStage-based strategy (using stage-group observed recurrence rates), treat-all, and treat-
none reference lines. The shaded area indicates the RSF net-benefit advantage over pStage at the 20%-
50% threshold range. NB, net benefit. RSF, Random Survival Forest
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(a) SHAP summary (GBC proxy)
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(b) Variable importance (RSF)
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Model interpretability. Left: SHAP beeswarm plot showing directional impact of each predictor on the
predicted recurrence risk score (gradient-boosting classifier proxy; development cohort). Each point
represents one patient; color indicates feature value (red = high, blue = low). Right: permutation
importance (decrease in C-index; n = 30 permutation repeats; RSF development cohort). Variables are
ranked by importance magnitude. RSF, Random Survival Forest; LVI, lymphovascular invasion; LN, lymph
node; CEA, carcinoembryonic antigen
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