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Abstract

Background. Transcriptomic prognostic signatures for lung adenocarcinoma are frequently
reported with in-sample discrimination and without independent external validation, and are prone
to feature-selection leakage and undisclosed model selection. We asked whether a pre-specified,
leakage-free signature adds prognostic value beyond standard-of-care staging, and whether it

transports to independent cohorts.

Methods. In 504 TCGA lung adenocarcinoma patients (182 deaths), eight survival models were
evaluated by repeated 5-fold nested cross-validation, with feature selection strictly inside folds and
all metrics computed out-of-fold. Five classical and tree-based learners formed a confirmatory tier
eligible for deployment; three neural models formed a pre-declared exploratory tier; a rank-
average ensemble was the pre-specified primary model. A 4-gene signature (DKK1, MS4Al,
CCL20, and one long non-coding RNA) was locked and combined with stage, age and sex in a
cross-validated integrated model, then applied unchanged to five independent cohorts (1,254
patients, 475 events) and pooled by meta-analysis. Discrimination, calibration, decision-curve

analysis, and reclassification were reported with 95% confidence intervals.

Results. Internal discrimination was modest (confirmatory-tier Harrell's concordance 0.607—
0.623; deployed Cox 0.613, 0.596-0.627); two exploratory neural models did not exceed 0.60. The
signature was independently prognostic after adjustment for stage, age and sex (hazard ratio 1.34
per standard deviation, 1.15-1.56; likelihood-ratio p = 2 X 10™%), robust to multiple imputation
and to exclusion of squamous-confounded samples. Combining the molecular score with staging

raised discrimination from 0.645 to 0.676, a leakage-free gain of 0.031. Proportional hazards were



violated for the risk-group comparison, where high-risk patients lost 293 days (169—418) of
restricted mean survival over 5 years. External discrimination was homogeneous but modest
(pooled Harrell's concordance 0.606, 0.578-0.634; I? = 0%), competitive with a published 14-
gene signature (0.616) at one-third the gene count. All 25 pre-specified reporting-guideline items

were met.

Conclusions. A pre-specified, leakage-free 4-gene signature carries independent, modest
prognostic value beyond stage, age and sex, and its combination with staging (Harrell's
concordance 0.676) is the predictor we advance. Molecular-signature discrimination alone
(approximately 0.60-0.62) is not clinically actionable, and external transport, though
homogeneous, is modest and driven partly by one weak, event-dominant cohort. These are
prognostic, not predictive, associations from a single retrospective cohort; prospective validation

is required before clinical application.

Keywords: lung adenocarcinoma, prognostic signature, survival modelling, external

validation, data leakage;, TRIPOD+AI; restricted mean survival time, transcriptomics
Introduction

Lung adenocarcinoma is the most common histological subtype of lung cancer and a leading cause
of cancer death worldwide[1], [2], [3] . Anatomic staging by the American Joint Committee on
Cancer (AJCC) TNM system remains the principal determinant of prognosis and of adjuvant-
therapy decisions after resection [4], [5]. Staging is, however, an incomplete predictor of individual
outcome: patients with the same stage frequently follow markedly different survival trajectories,
and a substantial fraction of early-stage patients relapse despite complete resection [6]. This
residual, stage-independent variation in outcome has motivated a long search for molecular
markers that could refine prognosis beyond what anatomic staging provides, and potentially help

identify the early-stage patients most likely to benefit from adjuvant treatment.

Bulk tumour transcriptomic profiling is an attractive substrate for such markers: it is widely
available, captures proliferative, metabolic and immune programmes relevant to tumour
aggressiveness, and can be summarized into compact multi-gene risk scores [7]. Over the past two
decades, dozens of transcriptomic prognostic signatures for lung adenocarcinoma and non-small-

cell lung cancer have been proposed, many derived from public resources such as The Cancer



Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) cohorts [8], [9], [10], [11], [12],
[13],[14],[15]. A small number, such as the Kratz et al. 14-gene assay for resected non-squamous

non-small-cell lung cancer, have undergone independent external validation [16].

Despite this volume of work, the field has a well-documented reproducibility problem, and the
practical clinical impact of transcriptomic prognostic signatures in lung adenocarcinoma has
remained limited [17], [18]. Several recurring methodological weaknesses contribute. Feature
selection is frequently performed on the full dataset before, rather than inside, cross-validation
folds, which leaks outcome information into the selected gene set and inflates apparent
performance [19], [20]. The model or signature reported is often chosen after inspecting held-out
performance, without a pre-specified primary analysis, so that the published result is the best of
many undisclosed comparisons. Concordance statistics are sometimes reported without checking
the orientation of the risk score, which can silently invert the metric. Many signatures are validated
in a single convenience cohort, or not externally at all, and are reported with discrimination alone,
without calibration or an explicit comparison against the standard-of-care staging they are meant
to improve upon. Each of these issues, individually, tends to bias reported performance in the

optimistic direction, and each is difficult to detect from a finished manuscript.

We therefore approached transcriptomic prognostic modelling in lung adenocarcinoma primarily
as a question of methodological rigor rather than of signature discovery. Using the TCGA lung
adenocarcinoma cohort for development and five independent GEO cohorts for validation, we
built a fully leakage-free pipeline in which feature selection is performed strictly inside cross-
validation folds, the primary-endpoint model and the deployed gene signature are pre-specified
before any out-of-fold result is inspected, discrimination is reported with two concordance
estimators and an explicit orientation check, and the frozen signature is applied unchanged across
five external cohorts spanning two platforms with formal between-cohort heterogeneity
accounting. Throughout, we report calibration alongside discrimination, compare the signature
against standard-of-care staging by a likelihood-ratio test and decision-curve analysis, benchmark
it head-to-head against a published signature, and report negative and null findings — including
the failure of deep survival models to add value, and the absence of incremental clinical utility in

late-stage disease — rather than omitting them.



Our aim was not to claim a superior or novel signature, but to establish, under conditions that a
skeptical reader can audit, whether a pre-specified transcriptomic signature adds prognostic
information beyond stage, age and sex, and whether any such signal transports honestly to
independent cohorts. We present the integrated clinical-plus-molecular model, not the
transcriptomic signature in isolation, as the study's central result, and we are explicit that the
absolute discrimination achieved does not, on its own, support clinical deployment. The
contribution we intend is a reproducible, externally validated, and reporting-guideline-compliant
template for transcriptomic prognostic modelling, together with an honest account of what such a

signature can and cannot currently deliver in lung adenocarcinoma.

Methods

Study population and discovery cohort

The discovery cohort was the TCGA lung adenocarcinoma (TCGA-LUAD) dataset, obtained as
STAR-aligned raw RNA-seq counts. We retained primary-tumour samples only (sample type code
01), one sample per patient (the sample with the highest sequencing depth where multiple were
available), and patients with follow-up time greater than zero. Pseudoautosomal-region (PAR Y)
genes and low-count genes were removed using edgeR's [21] filterByExpr, an outcome-blind filter
applied before any survival information was used. Applying these criteria to 592 input samples
yielded 531 primary tumours, 527 with positive follow-up, and 504 unique patients after

deduplication (182 deaths; 63.9% censored). Overall survival was the sole endpoint.

Normalization and transformation

For machine-learning and exploratory analyses, counts were transformed with the DESeq2 [22]
variance-stabilizing transformation (VST, blind=TRUE). For descriptive differential-expression
analysis, limma-voom [23], [24] was used; edgeR log-counts-per-million was retained for
sensitivity checks. The VST and the low-count filter (below) were each fit once on the full
discovery cohort, consistent with their outcome-blind design (blind=TRUE uses no design or
group information, so no survival label enters either step); this is a global, unsupervised
normalization choice, standard in RNA-seq pipelines, and is distinct from the strictly supervised

steps described next. All outcome-dependent steps — the univariate Cox screen, elastic-net feature



selection, and every model fit — were performed strictly inside the cross-validation training folds,

using only the VST-transformed values of the training-fold samples for that iteration.

Feature selection (performed strictly within folds)

All supervised feature selection was performed inside cross-validation folds, never on the full
dataset, to prevent selection leakage. Within each outer training fold, we applied a variance pre-
filter, a vectorized univariate Cox score test with Benjamini—Hochberg false-discovery-rate
control, and an elastic-net Cox [25] model. A bootstrap stability-selection procedure (fixed
regularization parameter, 1,000 resamples) identified a consensus gene set robust to resampling.
Because gene presence on an external platform is metadata rather than an outcome, cross-platform
measurability was additionally used as a leakage-free selection criterion, so that the deployed
signature is measurable across the external validation cohorts rather than requiring cohort

exclusion for missing genes.

Survival models and pre-specified model tiers

Eight survival models were evaluated: Cox proportional-hazards regression[26], elastic-net Cox,
random survival forest[27], an extension of the Breiman random forest to right-censored
outcomes[28] and XGBoost with a Cox objective[29], three pure-R neural Cox models
(DeepSurv[30], CoxNNet[31], and a Cox partial-likelihood multilayer perceptron trained by
analytic-gradient L-BFGS), and a rank-average Ensemble. The Ensemble is a fixed, zero-
parameter combination of whichever base models return finite predictions for a given fold; it

involves no additional fitting or tuning and therefore introduces no additional leakage.

Models were assigned to two pre-specified tiers before any out-of-fold result was inspected. A
confirmatory tier (Cox, elastic-net Cox, random survival forest, XGBoost, and the Ensemble)
comprised classical and tree-based survival learners with tight out-of-fold discrimination intervals,
and was the only tier eligible for deployment, for the decision-curve and nomogram analyses, and
for any primary claim. An exploratory tier (DeepSurv, CoxNNet, MLP) comprised neural Cox
benchmarks included solely to test whether deep survival models add value at this sample and
event count; these were pre-declared ineligible for deployment and are reported as a secondary,

honestly bounded (wide-confidence-interval) negative result. The Ensemble was pre-specified as



the primary-endpoint model. Hyperparameters for the random survival forest and XGBoost were
tuned per fold by a small grid search on training-fold performance only, never on the outer test

fold.

Cross-validation and performance metrics

Models were evaluated by repeated (x5) 5-fold nested cross-validation, with all reported metrics
computed on out-of-fold risk predictions. Discrimination was quantified by Harrell's concordance
index[32], [33] and Uno's concordance index[34], [35], each with bootstrap 95% confidence
intervals. Harrell's C was computed with survival::concordance using the documented orientation
for risk scores (higher score corresponding to shorter survival) and was cross-checked against
Uno's C for directional agreement before reporting, guarding against the sign-orientation error that
can otherwise invert a concordance statistic. We additionally report time-dependent AUC at 1, 3
and 5 years, calibration by the integrated calibration index[36], [37] and predicted-versus-observed
curves, and decision-curve analysis[38]. As a sensitivity analysis on the confidence-interval

method, we also report a patient-level bootstrap (resampling patients with replacement).

Independent prognostic value over standard-of-care staging

To test whether the signature adds prognostic information beyond standard-of-care staging, a
clinical-only Cox model (age, AJCC stage, sex) was compared with a clinical-plus-molecular
model that added the leakage-free out-of-fold molecular risk score, by a likelihood-ratio test. Both
C-indices in this comparison were bootstrap optimism-corrected (Harrell's method), so that the
clinical-only and clinical-plus-signature models are compared on the same leakage-free footing
rather than pitting two in-sample apparent C-indices against each other. Univariable and
multivariable Cox regressions report the adjusted hazard ratio of the out-of-fold signature score
(per standard deviation), with and without adjustment for stage, age and sex, together with a global
Schoenfeld proportional-hazards check on the adjusted model. Decision-curve analysis and
categorical net reclassification improvement[39] versus the clinical-only model are reported
alongside discrimination. Decision-curve analysis was additionally stratified by stage group (early
I-IT versus late I1I-1V), since the adjuvant-therapy decision context differs by stage; a clinically

relevant threshold range of approximately 10-30% was referenced for early-stage decisions.



Proportional hazards and restricted mean survival time

Two distinct Schoenfeld proportional-hazards tests are reported and are not conflated: a global test
on the multivariable clinical-plus-signature Cox model, and a separate test on the isolated high-
versus-low risk-group Kaplan—Meier[40] comparison. Where the proportional-hazards assumption
is violated, the hazard ratio is interpreted as a time-averaged effect, and an assumption-free effect
size — the restricted mean survival time (RMST)[41] difference — is reported alongside the risk-
group hazard ratio. The RMST truncation time was pre-specified as the maximum evaluation
horizon (5 years, 1,825 days), fixed before any survival curve was inspected and capped at the last
observed event time only where follow-up was shorter; it was not selected from the data. A
permutation-based log-rank[42] test (2,000 relabelings) corroborated the asymptotic log-rank
result for the risk-group comparison, which is appropriate because the risk-group label is itself

derived from a fitted model.

Integrated clinical + molecular model

Clinical-only, molecular-only, and integrated (clinical-plus-molecular) Cox models were
compared under repeated patient-level cross-validation on identical folds. The molecular term was
the out-of-fold risk score and the mixing coefficients were themselves cross-validated, so the
integrated C-index is leakage-free. The integrated model is presented as the deployable clinical
predictor. A nomogram[43] was constructed on the integrated model conditional on its clearing a
pre-specified minimum discrimination gate (Uno's C > 0.60); the gate decision and the model used

are recorded in the corresponding results table.

Deployed signature and sensitivity analyses

The deployed gene set was selected to be robust under both bootstrap stability selection and nested-
CV fold recurrence, and to be measurable across the external validation platforms. For final
submission the deployed signature was locked to four pre-specified genes. A pre-specified
signature-sensitivity analysis compared candidate gene sets under identical repeated cross-
validation and recommended the smallest whose discrimination was statistically non-inferior (pre-
specified non-inferiority margin 0.02 Harrell's C). Robustness to histological confounding was

assessed by recomputing discrimination after excluding the top decile of an inferred squamous



score, and by correlating each deployed gene with that score. Robustness to missing clinical data
was assessed by multiple imputation by chained equations[44] (m=10, survival-aware with a
Nelson—Aalen cumulative-hazard term) over all 504 patients, compared with the complete-case

multivariable estimate.

Model interpretability and network prioritization

Feature importance for the deployed portable Cox model was quantified by model-faithful
permutation importance (the drop in Harrell's C when each gene is permuted). XGBoost SHAP
values[45], with bootstrap stability (importance 95% confidence intervals and rank stability), were
retained as an exploratory tree-model view rather than as the explanation of the deployed model.
A co-expression network among the deployed genes was built from absolute Spearman
correlations of VST expression, retaining edges above the 60th percentile of the off-diagonal
absolute-correlation distribution (a data-driven density threshold rather than a fixed p-value);
leading-eigenvector centrality was computed on the resulting weighted adjacency and fused with
SHAP importance and stability frequency into an integrated per-gene priority score. A Hallmark
pathway-crosstalk network (pathway co-variation with absolute correlation above the 80th

percentile) was used to surface coordinated programmes, and is reported as descriptive context.

Systems-biology characterization

Functional characterization comprised over-representation analysis (GO[46], KEGG[47],
Reactome, and Hallmark[48] gene sets), gene-set enrichment analysis (fgsea)[49], GSVA[50]
pathway scoring compared between out-of-fold risk groups, and immune cell-type
deconvolution[51], [52]. Unsupervised exploration (principal-component analysis, UMAP[53], t-
SNE[54], consensus clustering, and non-negative matrix factorization[55] with rank selection by
cophenetic and dispersion coefficients) is reported as exploratory context and underlies no primary

claim.

External validation

A portable, cohort-standardized linear Cox signature with frozen training-derived coefficients and
a training-median risk cutoff[56] was applied, unchanged, to five independent cohorts (GSE68465,
GSE31210, GSE30219, GSE81089, and GSE72094), spanning four microarray cohorts and one



RNA-seq cohort. The frozen signature model was ridge-penalized (glmnet, « = 0, A. 1se), rather
than an unpenalized maximum-likelihood fit, to favour out-of-cohort generalization over in-
sample fit; an unpenalized Cox fit was used only as a fallback if the ridge fit errored. Each external
cohort was standardized (z-scored) on its own mean and standard deviation to remove platform
offset, a per-cohort approach chosen over a joint batch-correction method such as
ComBat[57],which would require pooling discovery and validation expression data and risks re-
introducing the leakage the restof the pipeline is designed to avoid then scored, Kaplan—Meier-
stratified, and calibrated (predicted versus observed absolute risk at 1, 3 and 5 years; calibration
slope from the refit linear predictor). Where the deployed antisense IncRNA (BCAN-ASI) was
not measurable on a microarray platform, a reduced overlap-genes-only portable Cox model was

refit on the discovery cohort and applied, rather than imputing the missing measurement.

Per-cohort Harrell's C was pooled by both fixed-effect and DerSimonian—Laird random-effects
inverse-variance meta-analysis[58], with between-cohort heterogeneity quantified by Cochran's Q,
12[59], and t2. Transportability — the comparison of internal versus pooled-external
discrimination, and whether the pooled external confidence interval excludes 0.5 — was pre-
specified as the primary external-validation result. A leave-one-cohort-out analysis assessed the
influence of individual cohorts on the pooled estimate. As an external benchmark, the deployed
signature was compared against the Kratz et al. 14-gene resected-NSCLC prognostic gene list (12
of 14 genes mappable): coefficients for both signatures were re-fit on the discovery cohort using
the identical VST + z-score + ridge-Cox pipeline and scored through the identical five-cohort
external-validation machinery. This benchmark holds gene selection versus pipeline methodology
constant and evaluates the Kratz gene list under our normalization; it does not replicate Kratz et
al.'s original gPCR ACt assay, which is normalized against three specific housekeeping genes
(ESD, TBP, YAP1) rather than cohort-level z-scoring, and the two should not be read as measuring

identical things.

Reporting-guideline compliance and reproducibility

Compliance against TRIPOD+AI (BMJ 2024;385:e078378), PROBAST+AI (BMJ
2025;388:082505), and REMARK was machine-audited: each checklist item's status was derived

programmatically from whether the corresponding output artifact existed on disk for the run, and



any unmet item would be flagged. All 25 pre-specified items on the tracked checklist were met.
This tracked checklist does not include a separate item for stratified subgroup performance (e.g.,
by sex or age), which the 2024 TRIPOD+ALI statement added as part of its fairness domain;
subgroup discrimination was not separately assessed in this study, and we report this as an explicit,
named gap rather than as part of the 25/25 figure. A single global seed plus deterministic per-
repeat and per-fold seeds make every stochastic step reproducible; all out-of-fold predictions were
produced by the pipeline itself rather than reconstructed from externally saved folds; sessionInfo
and a full package manifest were captured at run time; and a cache-cleared re-run from raw counts
reproduces the reported numbers exactly. Analyses were conducted in R 4.5.3; key packages
included survival (3.8-6), glmnet (5.0), and xgboost (3.2.1.1), with the complete versioned

manifest provided alongside the code.

Results

We developed and validated a leakage-free transcriptomic prognostic model for lung
adenocarcinoma (LUAD) using repeated nested cross-validation, benchmarked it against a
published signature, and tested transportability across five independent external cohorts. Model
selection, the primary endpoint, and the deployed gene signature were pre-specified before any
out-of-fold result was inspected; deviations from pre-specification are stated explicitly where they
occur, consistent with TRIPOD+AI and PROBAST+AI reporting principles. We present the
integrated clinical + molecular model, not the transcriptomic signature in isolation, as the study's

central result, and we report negative and null findings alongside positive ones throughout.

Cohort and study flow

0Of 592 TCGA-LUAD RNA-seq samples considered, 531 were primary tumours (sample type 01),
527 had positive follow-up time, and 504 remained after deduplication to one sample per patient
(highest sequencing depth) (Supplementary Table S1). The analysis cohort comprised 504 patients
with 182 deaths recorded (63.9% censored); median age was 66 years (range 38—88, 487 patients
with age recorded), 266 (52.8%) were female, and AJCC stage distribution was I: 266 (52.8%), II:
119 (23.6%), 11I: 81 (16.1%), IV: 24 (4.8%), with stage missing for 14 patients (Supplementary
Table S2). Unsupervised exploration (principal-component analysis, UMAP, t-SNE and consensus

clustering) did not reveal a dominant substructure independent of the survival model, NMF



consensus clustering supported an optimal rank of 2 (cophenetic coefficient 0.996), and the

resulting clusters are reported as exploratory context rather than as a basis for any primary claim

(Fig. 1).

Figure 1. Transcriptomic landscape
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Figure 1. Exploratory unsupervised landscape of the discovery cohort. (A) Principal-component

analysis, coloured by out-of-fold risk score. (B) Scree plot of variance explained per principal

component. (C) UMAP projection. (D) t-SNE projection. Provided as exploratory context; no

primary claim depends on this figure.

Internal discrimination: repeated nested cross-validation

Eight survival models were evaluated under repeated (x5) 5-fold nested cross-validation with

feature selection strictly inside folds. Five classical/tree learners (Cox, elastic-net Cox, random

survival forest [RSF], XGBoost, and a rank-average Ensemble) formed a pre-declared



confirmatory tier eligible for deployment; three neural Cox models (DeepSurv, CoxNNet, MLP)
formed a pre-declared exploratory tier included to test whether deep survival models add value at
this sample size, and were excluded a priori from deployment and from any primary claim. The
Ensemble was pre-specified as the primary-endpoint model before any out-of-fold result was

inspected (Table 1).

Across the five confirmatory-tier learners, Harrell's C ranged from 0.607 (XGBoost) to 0.623
(RSF), and Uno's C from 0.574 (elastic-net Cox) to 0.586 (Cox); the pre-specified Ensemble
reached Harrell's C 0.618 (0.612—0.625) and Uno's C 0.585 (0.576—0.594) (Table 1, Fig. 3A). Cox
was selected as the deployed model because it had the highest Uno's C (0.586) among
confirmatory-tier learners; we report this substitution of the deployed model for the pre-specified
primary model explicitly rather than silently. Time-dependent discrimination for the deployed Cox
model declined with horizon (AUC 0.670 at 1 year, 0.634 at 3 years, 0.581 at 5 years), and the
integrated calibration index rose correspondingly (ICI 0.040, 0.086, 0.102 at the same horizons)
(Table 2, Table 3, Fig. 3B-D). Harrell's C for Cox was independently cross-checked for direction
against Uno's C (raw orientation 0.387 versus reversed 0.613, matching Uno's 0.587) (Table 1B),
ruling out a sign-flip error present in earlier drafts of this pipeline. Hyperparameters for RSF (mtry,
nodesize) and XGBoost were selected per fold by a small pre-specified grid search on training-
fold performance only, never on the outer test fold (Supplementary Table S3). Each base learner's
contribution to the pre-specified Ensemble varied by repeat and fold, with a higher median weight
for confirmatory-tier learners (Cox, elastic-net, RSF, XGBoost: median 0.17-0.18 per fold) than
for exploratory-tier learners (DeepSurv, CoxNNet, MLP: median 0.10-0.13) (Supplementary

Table S4), broadly tracking each learner's individual discrimination.

The three exploratory neural Cox models did not exceed, and in two cases had 95% CI upper
bounds below, 0.60: MLP Harrell's C 0.577 (0.556-0.600), DeepSurv 0.570 (0.556-0.596),
CoxNNet 0.536 (0.514-0.563) (Table 1). We report this as a documented negative result — deep
survival models did not outperform classical/tree learners at this sample size (n=504, 182 events)
— rather than omitting it; neither DeepSurv nor CoxNNet contributes to any primary claim or to

deployment.



Table 1. Internal discrimination, repeated (x5) 5-fold nested cross-validation, out-of-fold.

Pre-
Harrell's C (95%

Model Tier specified cn Uno's C (95% CI)

primary
Cox (deployed) Confirmatory | No 0.613 (0.596-0.627) | 0.586 (0.573-0.599)
Ensemble Confirmatory | Yes 0.618 (0.612-0.625) | 0.585 (0.576-0.594)
Random survival

Confirmatory | No 0.623 (0.614-0.629) | 0.585 (0.576—0.596)

forest
XGBoost Confirmatory | No 0.607 (0.600-0.616) | 0.579 (0.573-0.585)
Elastic-net Cox Confirmatory | No 0.608 (0.594-0.623) | 0.574 (0.565-0.590)
MLP Exploratory | No 0.577 (0.556-0.600) |0.547 (0.525-0.570)
DeepSurv Exploratory | No 0.570 (0.556-0.596)* | 0.542 (0.528-0.556)
CoxNNet Exploratory | No 0.536 (0.514-0.563)* | 0.533 (0.499-0.564)

*95% CI upper bound < 0.60.




Figure 2. Independent prognostic value & integrated model
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Figure 2. Independent prognostic value and the integrated model. (A) Multivariable Cox
adjusted hazard-ratio forest for the molecular signature (per SD) versus AJCC stage, age, and
sex. (B) Out-of-fold Harrell's C for clinical-only, molecular-only, and integrated (clinical +

molecular) models.

As a sensitivity check on the confidence-interval method, a patient-level bootstrap (B=300) gave
a wider but overlapping interval for the deployed Cox model — Harrell's C 0.610 (0.567-0.650),
Uno's C 0.577 (0.519-0.595) (Supplementary Table S5) — consistent with the repeated-CV
estimate. A non-negative-coefficient ridge-Cox stacking meta-learner fit on the base learners' out-
of-fold predictions — which, unlike the rank-average Ensemble, has a valid baseline hazard —
reached Harrell's C 0.620 (0.612-0.625), Uno's C 0.583 (Supplementary Table S6), closely
matching the rank-average Ensemble and confirming the Ensemble result is not an artifact of its

zero-parameter combination rule.

Independent prognostic value over standard-of-care staging

In patients with complete clinical covariates (n=480, 176 events), a clinical-only Cox model (age,
AJCC stage, sex) had optimism-corrected C-index 0.655; adding the out-of-fold molecular
signature score raised this to 0.677 (apparent C-indices 0.667 and 0.688; likelihood-ratio y? =
13.69,df = 1,p = 2.15 x 10~*) (Table 1C). Both C-indices are bootstrap optimism-corrected on

the same leakage-free footing, and we headline the optimism-corrected gain (A0.022) rather than



the numerically larger apparent gain (A0.021 is, in fact, marginally smaller after correction than

before, indicating minimal added optimism from the signature term itself).

In a multivariable Cox model, the signature score (per SD) remained an independent predictor
after adjustment for age, stage and sex: hazard ratio 1.343 (1.153 — 1.565,p = 1.53 x 10™%),
versus an unadjusted hazard ratio of 1.451 (1.254 — 1.680,p = 6.05 X 10~7) (Table 1D, Fig.
2A). A global Schoenfeld test on this multivariable model indicated the proportional-hazards
assumption was not fully satisfied (p = 9.16 x 1073); this is a distinct test from the risk-group
Schoenfeld test reported below, and the two should not be conflated. Age (multivariable HR 1.010,
p=0.214) and sex (HR 0.944, p=0.708) were not independently significant in this cohort; AJCC
stage remained strongly prognostic at every level (stage Il HR 2.167, stage III HR 2.662, stage IV
HR 3.289; all p < 10™%), as expected.

Integrated clinical + molecular model: the deployable predictor

Clinical-only, molecular-only, and integrated (clinical + molecular) Cox models were compared
under repeated patient-level cross-validation on identical folds. Discrimination rose from 0.645
(0.636—-0.654) clinical-only, and 0.625 (0.623—0.626) molecular-only, to 0.676 (0.672—0.681)
integrated (Uno's C 0.644, 0.637-0.650) (Table 1G, Fig. 2B) — a leakage-free gain of +0.031
Harrell's C over staging alone, since the molecular term is itself out-of-fold and the mixing
coefficients are cross-validated on the same folds. We treat this integrated model, not the molecular

signature in isolation, as the study's deployable predictor and headline performance figure.



Figure 3. Discrimination & calibration (Cox)
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Figure 3. Internal discrimination and calibration of the deployed model. (4) Harrell's C-index

distribution by model across repeated (%5) 5-fold nested cross-validation; dashed line marks the

pre-specified minimum-discrimination reference. (B) Predicted-versus-observed calibration for

the deployed Cox model, by horizon. (C) Time-dependent AUC by model across horizons. (D)

Integrated calibration index (ICI) by model and horizon.

Clinical utility: decision-curve analysis and reclassification

Across the pooled cohort (n=480, 176 events), decision-curve analysis compared four strategies

— treat all, treat none, clinical-only, and clinical + signature — across a threshold-probability

range (Table 1E, Fig. 4). Categorical net reclassification improvement of adding the signature to

clinical-only at 3 years was 0.278 (event-NRI 0.034, non-event-NRI 0.243; n=480, 176 events)



(Table 1F), attributable predominantly to improved classification of patients who did not

experience the event.

Stratifying by stage — the clinically relevant split for adjuvant-therapy decisions, with an NCCN-
referenced threshold range of approximately 10-30% — showed the incremental benefit of adding
the signature is concentrated in early-stage (I-II) disease (n=376, 117 events): at a 20% threshold,
net benefit was 0.165 for clinical + signature versus 0.155 for clinical-only, a modest gain. In late-
stage (III-IV) disease (n=104, 59 events), net benefit for clinical + signature was numerically
identical to clinical-only at the same thresholds (Table 1E), i.e., no measurable incremental clinical
utility was observed in this smaller subgroup. We report this negative subgroup finding rather than
omitting it; it is also clinically plausible, since staging is a stronger and less discretionary driver of
treatment decisions in late-stage disease, and this subgroup analysis is comparatively

underpowered (59 events).



Figure 4. Decision-curve analysis vs standard of care
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Figure 4. Decision-curve analysis. Net benefit versus threshold probability for treat-all, treat-

none, clinical-only, and clinical + signature strategies (pooled cohort, n=480, 176 events).

Risk stratification, proportional-hazards violation, and restricted mean

survival time

Patients above the out-of-fold median risk score had a hazard ratio of 1.799 (1.337-2.421) for
death versus those below it (log-rank p = 8.44 x 10™°; permutation-based log-rank p =
5.00 X 10™*, 2,000 relabelings) (Table 10, Fig. 7A). A Schoenfeld test on this risk-group
comparison indicated the proportional-hazards assumption was violated (p=0.0181), so this hazard
ratio should be read as a time-averaged effect rather than a constant risk multiplier. Over the pre-
specified 5-year (1,825-day) horizon, the assumption-free restricted mean survival time (RMST)
was 293 days shorter (169 — 418 days,p = 3.86 X 107°) in the high-risk group (Table 10), and

we present this RMST difference as the primary effect-size estimate for this comparison.



A clinical nomogram was built on the integrated clinical + molecular model after it cleared a pre-
specified minimum discrimination gate (Uno's C > 0.60); the integrated model's Uno's C of 0.644
cleared this threshold (Table 11, Fig. 7B—C). Nomogram variables were molecular risk (per SD),
age, AJCC stage, and sex; a nomogram built directly on the molecular signature alone would not

have cleared this gate at the pre-specified threshold and was not produced.

Figure 5. Explainability & SHAP stability
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Deployed signature: derivation, parsimony, and interpretability

The deployed signature was locked, prior to final analysis, to a 4-gene hard bootstrap consensus
set:  DKKI  (ENSG00000107984), MS4A1/CD20  (ENSG00000156738),  CCL20
(ENSG00000115009), and BCAN-AS1 (ENSG00000272068, an antisense IncRNA)
(Supplementary Table S7). In a pre-specified signature-sensitivity analysis comparing candidate
gene sets by identical repeated-CV Cox scoring, this 4-gene set was statistically non-inferior to a
larger 20-gene top-frequency set (A Harrell's C = —0.006 against a pre-specified 0.02 non-
inferiority margin) and was the recommended, smallest non-inferior signature (Supplementary
Table S8); absolute discrimination in that sensitivity analysis (Harrell's C 0.696) is optimistic
relative to the full nested-CV estimate above and is reported there only for relative comparison

across candidate signatures, not as a competing headline figure.

Two independent interpretability procedures agreed on gene ranking. Bootstrap-stability SHAP on
the exploratory XGBoost model ranked DKK1 highest (mean |[SHAP| 0.292, rank 1 of 4) (Table
4, Table 5, Fig. 5), and model-faithful permutation importance on the deployed portable Cox model
— the more appropriate explanation for the deployed model itself — also ranked DKK1 highest
(AHarrell's C = 0.087, versus 0.046, 0.025 and 0.016 for MS4A1, CCL20 and BCAN-ASI,
respectively) (Supplementary Table S9). A co-expression network analysis independently
identified DKK1 as the top-priority hub gene (eigenvector centrality 0.590, integrated priority
score 0.841) (Supplementary Table S10), concordant with both importance metrics.



Figure 6. Pathway biology

A

HALLMARK_MYC_TARGETS_V1
HALLMARK_E2F_TARGETS
HALLMARK_G2M_GHECKPOINT

HALLMARK OXIDATIVE_PHOSPHORYLATION
HALLMARK MTORC1_SIGNALING
HALLMARK_GLYCOLYSIS
HALLMARK_MYC_TARGETS V2
HALLMARK_DNA_REPAIR
HALLMARK_UNFOLDED_PROTEIN_RESPONSE
HALLMARK_ADIPOGENESIS
HALLMARK_MITOTIC_SPINDLE

HALLMARK_ALLOGRAFT_REJECTION

HALLMARK_GLYCOLYSIS

HALLMARK_MTORC1_SIGNALING

HALLMARK_MYC_TARGETS_V1

HALLMARK_MYC_TARGETS V2

HALLMARK _DMA_REPAIR

HALLMARK_UNFOLDED_PROTEIN_RESPONSE

HALLMARK_(2M_CHECKPOINT

HALLMARK_UV_RESPONSE LR

HALLMARK_E2F_TARGETS

HALLMARK_ANDROGEN_RESPONSE

HALLMARK_HYPOXIA

HALLMARK_ESTROGEN_RESPONSE_LATE

o 4

2 4 6
NES GSVA t (high vs low)

]

[=1

(5]
=]

Figure 6. Systems-biology context. Over-representation dotplots (GO, KEGG, Reactome,
Hallmark), gene-set enrichment analysis (GSEA), GSVA pathway scores by out-of-fold risk
group, and immune cell-type deconvolution. Exploratory context, not used to support any

primary claim.

Sensitivity analyses

Squamous confounding. Because histological misclassification is a known confounder for LUAD
signatures, discrimination was re-evaluated after excluding the top decile of an inferred squamous
score. Discrimination was materially unchanged: 0.696 (0.694—0.698) in all samples (n=504)
versus 0.699 (0.697-0.703) in the LUAD-pure subset (n=453) (Supplementary Table S11), and
only 1 of the 4 deployed genes (DKK1, p = 0.308) correlated with the squamous score at |p[>0.3.
The deployed signature does not appear to be primarily a histology detector within this LUAD

cohort.

Missing clinical data. The complete-case multivariable analysis above used 480 of 504 patients
(95%). Multiple imputation by chained equations (m=10, survival-aware, 24 imputed patients, full

n=504) gave a signature hazard ratio of 1.312 (1.130 — 1.525,p = 4.87 x 10~*) (Supplementary



Table S12), closely matching the complete-case estimate (1.343, 1.153—1.565); the independent-

prognostic-value claim is not an artifact of case exclusion.

Cross-platform gene coverage. DKK1, MS4A1 and CCL20 were measurable on all five external
platforms; BCAN-AS1 was measurable only on Cohort 4 (RNA-seq), consistent with sparser long
non-coding RNA annotation on the older microarray platforms used by Cohorts 1, 2, 3 and 5 (Table
2). A reduced 3-of-4-gene model was therefore used for four of the five external cohorts; this is a

reportable limitation of cross-platform measurability rather than an imputation choice.

Biological context

Over-representation analysis of the event-associated differential expression signature against the
Hallmark gene sets identified E2F targets as the top enriched term (104 of 199 pathway genes
represented, fold enrichment 2.67, p.adjust = 1.63 x 1072%), consistent with a proliferation-
associated transcriptional programme distinguishing patients who experienced the event (Table 6).
Separately, differential expression between patients who experienced the event and those censored
was enriched for proliferation and metabolic Hallmark pathways by gene-set enrichment analysis
(MYC targets vl, NES=3.63, padj = 5 X 10™*%; E2F targets, NES=3.47, padj = 5.4 X 10™*?;
G2M checkpoint, NES=3.29, padj = 1.2 x 1073*; oxidative phosphorylation, NES=3.25,
padj = 2.4 x 10733) (Table 7, Fig. 6). Within the cohort, GSVA pathway scores were higher in
the out-of-fold high-risk group for glycolysis (t=8.31, padj = 4.2 x 1071*), mTORC]1 signaling
(t=7.61, padj = 3.3 X 1071%) and MYC targets (t=6.15, padj = 2.6 X 1078) (Table 8), an
association consistent with a more proliferative, metabolically active tumour state in high-risk
patients; this is a transcriptomic association, not evidence of a causal mechanism. Immune cell-
type deconvolution and a Hallmark pathway crosstalk network (87 pathway-pathway edges above
the 80th percentile of absolute correlation) are reported as exploratory systems-biology context
(Table 9, Supplementary Table S13, Fig. 6); a weighted gene co-expression module correlated
only weakly with vital status (best module p = —0.169) and is not used to support any primary

claim.
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Figure 7. Risk stratification and nomogram. (4) Kaplan—Meier survival by out-of-fold risk group
(high vs. low), with log-rank p-value. (B) Nomogram built on the integrated clinical + molecular

model (molecular risk, age, AJCC stage, sex). (C) Nomogram calibration.

External validation across five independent cohorts

The frozen 4-gene Cox model — ridge-penalized (glmnet, A.1se) rather than an unpenalized
maximum-likelihood fit, to favor out-of-cohort generalization — was applied unchanged, with
training-derived coefficients and risk cutoff, to five independent cohorts spanning two platforms
and 1,254 patients / 475 events (Table 2, Fig. 8) (Supplementary Table S14). Per-cohort Harrell's
C ranged from 0.591 (Cohort 1, GSE68465) to 0.642 (Cohort 3, GSE30219). Cohort 1 remains the
weakest-performing cohort and, despite the addition of Cohort 5, still contributes the largest single
share of pooled events (49.7% of 475); leave-one-cohort-out analysis confirms it is the most
influential cohort, though its influence is now modest (removing Cohort 1 shifts pooled Harrell's

C by +0.013; removing any other cohort shifts it by < 0.004) (Supplementary Table S15).



Table 2. External validation summary, five independent cohorts.

Sig. Calib.
Cohort Platform n Events Harrell's C (95% CI)
genes slope

Cohort 1

Microarray | 442 236 3/4 0.591 (0.550-0.631) 0.346
(GSE68465)
Cohort 2

Microarray | 226 35 3/4 0.633 (0.539-0.726) 0.696
(GSE31210)
Cohort 3 _

Microarray | 83 43 3/4 0.642 (0.550-0.734) 0.813
(GSE30219)
Cohort 4

RNA-seq 105 48 4/4 0.595 (0.505-0.685) 0.473
(GSE81089)
Cohort 5 )

Microarray | 398 113 3/4 0.615 (0.560-0.670) 0.574
(GSE72094)
Pooled

2 platforms | 1254 475 — 0.606 (0.578-0.634) —
(fixed-effect)

Pooled estimate by fixed-effect inverse-variance meta-analysis, the random-effects estimate is

numerically identical 12 =0%,7%2=0).



Figure 8. External validation (transportability)
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Figure 8. External validation across five independent cohorts. (4) Per-cohort and pooled
Harrell's C forest plot (fixed-effect meta-analysis; dashed line = 0.5). (B) Per-cohort

calibration: predicted versus observed risk, by horizon.

Pooled discrimination was 0.606 (0.578—0.634) by fixed-effect meta-analysis; the random-effects
estimate is identical, with no detected between-cohort heterogeneity (I? = 0%, 7% = 0, Cochran's
Q=1.60, k=5) (Supplementary Table S16). With k=5 cohorts the 95% prediction interval (0.561—
0.651) remains imprecisely estimated and we headline the random-effects confidence interval
instead. This pooled external estimate is close to the internal deployed-model estimate (Cox
Harrell's C 0.613), an internal-to-external gap of 0.007. Calibration slopes were below 1 in every
cohort (range 0.346-0.813) (Table 2), indicating cross-platform over-dispersion of the frozen
linear predictor rather than a preprocessing artifact, since both training and each external cohort

are independently platform-standardized; discrimination, being rank-based, is not affected by this.



The single RNA-seq cohort (Cohort 4, Harrell's C 0.595) did not perform systematically better or
worse than the mean of the four microarray cohorts (0.620), so pooled transportability does not

appear to depend on a single platform.

Time-dependent AUC at 1/3/5 years was 0.637/0.632/0.565 (Cohort 1), 0.698/0.617/0.664 (Cohort
2), 0.750/0.667/0.643 (Cohort 3), 0.736/0.583/0.477 (Cohort 4), and 0.651/0.622/0.648 (Cohort 5)
(Supplementary Table S17). Discrimination was consistently highest at 1 year and generally
declined at longer horizons; the decline was most pronounced in Cohort 4, where the 5-year point
estimate (0.477) fell below chance. We report this plainly: Cohort 4 has the smallest number of
patients still at risk by 5 years (n=105, 48 events overall), so this estimate carries wide uncertainty,
but it is a negative result at that specific horizon in that specific cohort and is not smoothed over

by the pooled 3-year summary above.

Benchmark against a published prognostic signature

The deployed 4-gene signature was compared against the Kratz et al. 14-gene resected-NSCLC
prognostic gene list (12 of 14 original genes mappable), with coefficients for both signatures re-fit
on the discovery cohort under the identical pipeline and scored on the current five-cohort external
set through the identical validation procedure — holding methodology constant rather than
replicating Kratz et al.'s original qPCR/housekeeping-normalized assay (Supplementary Table
S18). Pooled external discrimination was 0.616 (I = 0%) for the 12-gene Kratz set versus 0.605
(I? = 0%) for the 4-gene deployed signature — a small (A=0.011) advantage for the larger
published signature. We report this as a competitive, not superior, result for a signature roughly

one-third the size.

Reporting-guideline compliance

All 25 pre-specified reporting items — 14 TRIPOD+AI, 6 PROBAST+ALI and 5 REMARK items
— were met, machine-audited against the artifacts actually produced by this run rather than
asserted independently of them. This tracked checklist does not include a separate item for
stratified subgroup performance (e.g., by sex or age); such subgroup discrimination was not
separately assessed and is reported as an explicit gap, not folded into the 25/25 figure
(Supplementary Table S19). PROBAST+AI domains covered participant selection, predictor



definition, outcome definition, and analysis (feature selection inside folds, appropriate handling of
censoring, and reporting of calibration alongside discrimination); each domain-level judgment is

reported individually in the compliance table rather than as a single aggregate score.

Summary of principal results

Taken together, these results support three claims at different levels of confidence. We have high
confidence that the deployed molecular signature carries statistically independent prognostic
information beyond stage, age and sex, and that this holds under multiple imputation and after
excluding squamous-confounded samples. We have moderate confidence that the resulting
integrated clinical + molecular model (Harrell's C 0.676 internally) is the more clinically relevant
predictor than the molecular signature alone, and that it transports to five independent cohorts with
homogeneous, modest discrimination (pooled C 0.606, I? = 0%). We have low confidence — and
state this explicitly — that this signature alone, at C=0.60—0.62, is ready for any clinical use

without prospective validation; the Discussion addresses this distinction in full.

Discussion

Principal findings, in order of evidentiary weight

This study's contribution is best read as three claims of decreasing certainty, and we present them
in that order rather than leading with the most favourable-sounding number. First, a pre-specified,
leakage-free 4-gene transcriptomic signature carries statistically independent prognostic
information beyond AJCC stage, age and sex in this cohort (multivariable hazard ratio 1.343 per
SD, p = 1.53 x 107%), a result that survives multiple imputation of missing covariates and
exclusion of squamous-confounded samples. Second, an integrated clinical + molecular model —
itself cross-validated so that its reported discrimination carries no additional optimism beyond
what is already present in the out-of-fold molecular score — reaches Harrell's C 0.676, a leakage-
free +0.031 gain over staging alone; this integrated model, not the transcriptomic signature in
isolation, is the predictor we advance as this study's central result. Third, the signature's
discrimination transports to five independent cohorts spanning two platforms with homogeneous

behaviour (I? = 0%, 12 = 0), a materially stronger claim than internal cross-validation alone,



though the absolute transported discrimination — pooled Harrell's C 0.606 — remains modest by

any clinical standard.

We deliberately do not lead with molecular-signature discrimination on its own. Internally it sits
at C = 0.61 — 0.62 across the confirmatory-tier models; externally, pooled C is 0.606. Both
estimates clear chance — their 95% confidence intervals exclude 0.5 — but neither reaches a
magnitude we would independently call clinically actionable, and we say so in the Results section

itself rather than reserving that admission for the Discussion.

By "leakage-free" throughout this Discussion we mean specifically: feature selection performed
inside, not before, cross-validation folds; every optimism-corrected comparison corrected
symmetrically on both sides; and out-of-fold predictions used for every reported discrimination,
calibration, and clinical-utility statistic rather than in-sample fitted values. We note this explicitly
because these three properties are each individually easy to violate without an obviously wrong-
looking result, and violating any one of them tends to inflate discrimination in the direction that
makes a signature look more clinically promising than it is — which is precisely the direction a
hopeful analyst is least likely to interrogate. One exception to strict fold-internal fitting is explicit
and, we think, defensible: the DESeq2 variance-stabilizing transformation and the low-count gene
filter are each fit once on the full discovery cohort rather than per fold, because both are outcome-
blind by construction (no survival label or group variable enters either step). This is standard
practice for RNA-seq normalization and is a materially different, much smaller-risk category of
leakage than supervised feature selection using outcome labels — but it is not literally fold-
internal, and we would rather name that precisely than let "leakage-free" imply a stronger

guarantee than the pipeline actually provides.

A methodology contribution, not a gene-discovery claim

All three genes in the deployed signature with characterized biology — DKKI1, CCL20, and
MS4A1/CD20 — are independently described as LUAD/NSCLC-relevant in prior literature; we
are not reporting novel biology, and we do not claim to be. What we believe is less common in
this specific literature is the methodology behind how the signature was derived and validated:
feature selection performed strictly inside cross-validation folds rather than before splitting; a pre-

specified and tiered model hierarchy, with confirmatory learners eligible for deployment decided



before any out-of-fold result was inspected and exploratory neural models excluded from
deployment a priori; dual Harrell's-and-Uno's-C reporting with an explicit sign-orientation check;
leakage-free optimism correction applied symmetrically to both sides of every baseline-versus-
signature comparison; and external validation across five independent cohorts with formal

random-effects heterogeneity accounting, rather than a single convenience held-out set.

Transcriptomic prognostic-signature papers in oncology have a well-documented history of
feature-selection leakage, undisclosed model selection after seeing test-set results, and orientation
ambiguity in concordance statistics — problems that are each individually easy to introduce and,
once introduced, easy to miss on read-through. Given that history, we regard reproducible,
leakage-free methodology — not discrimination magnitude — as this study's primary contribution.
We have tried to frame the Results section accordingly: confidence intervals are stated before point
estimates, model substitutions from the pre-specified plan are disclosed rather than silently
applied, and the exploratory neural models' negative result (two of three failing to clear a 0.60
discrimination lower bound) is reported rather than omitted. We do not read this negative result as
evidence that deep survival modelling is unsuited to this problem in general: n=504 with 182
events is a small dataset by the standards deep architectures are usually trained at, and a fair test
of whether deep learning adds value here would more plausibly require transfer learning or
pretraining on a larger pan-cancer cohort rather than training from scratch on a single, modestly
sized dataset, which is what we did. We report the comparison as it was pre-specified rather than
as the strongest possible test of deep learning specifically. A reader who takes away only the C-

index numbers from this paper will, we think, have missed its main point.

Position within a crowded literature

Multi-gene prognostic signatures for resected LUAD are one of the more heavily populated corners
of oncology bioinformatics; dozens of candidate signatures, mostly derived from TCGA or
overlapping public cohorts, have been proposed over the past decade, and most are validated in at
most one or two external cohorts, if any. A new 4-gene signature reporting C =~ 0.61 internally is
not, by itself, a distinguishing result — comparable or higher point estimates appear elsewhere in
this literature, often without the leakage controls described above. The more useful question this
study can answer is not "is this signature better than the others" but "does a fully leakage-free, pre-

specified, multi-platform-validated pipeline still find a modest, homogeneous, competitive signal”



— and the honestly reported answer is yes to homogeneous and competitive, but also yes to

modest.

Comparison with a published signature

Run through an identical five-cohort external-validation procedure, the deployed 4-gene signature
was numerically outperformed by the Kratz et al. 14-gene resected-NSCLC gene list (pooled
Harrell's C 0.605 vs.0.616,4 ~ 0.011), with both signatures homogeneous across cohorts (12 =
0% for each). We are explicit that this benchmark re-fits Kratz's published gene list under our own
pipeline (VST-normalized expression, cohort z-scoring, ridge-Cox), not Kratz et al.'s original
qPCR ACt assay normalized against three housekeeping genes; it isolates the contribution of gene
selection while holding modelling methodology constant, and should not be read as a reproduction
of the original clinical assay's real-world performance. Within that scope, we report the result as a
competitive, not superior, comparison: a signature roughly one-third the size reaches within about

one percentage point of a substantially larger, well-cited gene list.

This comparison also understates how far ahead the Kratz assay is on a dimension we cannot
benchmark computationally: clinical validation. The original 14-gene assay, in its native qPCR
form, has since been tested in AIM-HIGH, an international randomized phase 3 trial (45 centres,
France/Germany/USA) that used the assay to select stage IA—IIA non-squamous NSCLC patients
for adjuvant chemotherapy and reported improved disease-free survival in the molecular-high-risk
arm [60]. No signature discussed in this manuscript — the Kratz gene list as we re-scored it, or
our own deployed signature — has undergone anything resembling this. We see AIM-HIGH not
as a competing result to argue against, but as a concrete illustration of the evidentiary distance
between a discrimination statistic in a retrospective cohort and a validated clinical decision tool; it
is the kind of trial our own signature would need before any claim of clinical utility, and we

reference it here to make that distance explicit rather than abstract.

We see two defensible readings of this comparison and do not privilege either. A generous reading
is that parsimony carries practical value independent of raw discrimination: fewer genes mean
fewer platform-dependent measurement failures, illustrated directly within this study by its own
long non-coding RNA, which was measurable on only one of five external platforms and forced a

reduced 3-of-4-gene model on the other four. A more skeptical reading is that both signatures —



one derived in 2012, one derived here with considerably more methodological machinery — are
converging on a similar, modest ceiling for transcriptome-only prognostic discrimination in
resected LUAD, and that neither represents a qualitative advance over the other. If that skeptical
reading is closer to correct, it is itself a useful, if unglamorous, finding for the field: it suggests the
ceiling may lie in the information content of bulk transcriptomic profiling for this outcome, rather

than in any particular gene-selection or modelling strategy.

We also note what this comparison does not show: that our signature is preferable to Kratz's on
any dimension other than gene count. A reader whose priority is maximum discrimination would
reasonably prefer the published alternative on the evidence presented here; we report the
comparison because an absent benchmark against existing signatures is itself a common, avoidable

gap in this literature, not because the result favours us.

Biological plausibility, held at arm's length from the data

DKK1 — the top-ranked gene by three independent methods within this study (SHAP importance,
permutation importance on the deployed model, and co-expression network centrality) — is
reported elsewhere in NSCLC as pro-tumorigenic through non-canonical, f-catenin-independent
signalling, despite its canonical textbook role as a Wnt pathway antagonist [61], [62], [63]. CCL20
is reported as associated with shorter survival in NSCLC, consistent with a myeloid/Th17
chemokine-recruitment axis [64], [65]. MS4A1/CD20 marks tumour-infiltrating B cells, a
recognized favourable-immunity axis in several solid tumours including NSCLC [66]. These
associations are drawn from literature external to both our discovery cohort and our five validation
cohorts, and we read them as offering independent corroboration that the signature is tracking

established biology rather than discovery-cohort-specific noise.

We stop short of any causal interpretation. Our own data are purely observational and
transcriptomic; GSVA-level pathway associations with out-of-fold risk group — elevated
glycolysis, mTORCI signalling, and MYC-target expression in the high-risk group — are
consistent with, but do not establish, a more proliferative high-risk phenotype, since gene
expression differences between risk groups could equally reflect downstream consequences of

tumour burden rather than upstream drivers of it.



BCAN-AS1 (HGNC:55233; also annotated as RP11-284F21.9), the antisense long non-coding
RNA in the deployed signature (ENSG00000272068), has been reported to stabilize c-Myc in
pancreatic ductal adenocarcinoma: in its m6A-modified form it acts as a scaffold for a SNIP1—c-
Myc complex that blocks SKP2-mediated c-Myc ubiquitination and degradation [67]. Under its
earlier alias RP11-284F21.9, it has also been reported to promote lung carcinoma cell proliferation
and invasion via a miR-627-3p/CCARI1 axis [68]. Neither study establishes the c-Myc-stabilizing
mechanism in lung adenocarcinoma specifically, and we do not claim it is demonstrated in our
cohort; we present it as biologically plausible candidate context rather than a proven mechanism
here. It is nonetheless a notable convergence with our own data: gene-set enrichment analysis
independently identified MY C-target enrichment as the top pathway associated with the event
group, and BCAN-ASI entered the deployed signature through a purely statistical, outcome-blind
selection procedure with no biological annotation used in gene choice — the two findings were

derived independently of one another and connect only post hoc, not by design.

A Hallmark pathway crosstalk network built from GSVA scores (87 pathway-pathway edges
above the 80th percentile of absolute correlation) places proliferation and metabolic programmes
in close co-variation, which is broadly consistent with the enrichment results above but should be
read as descriptive systems-biology context rather than as an independently informative finding:
the same underlying risk-group split drives both the crosstalk network and the enrichment analysis,
so the two are not independent lines of evidence for a shared mechanism, merely two views of the

same association.

Transportability, and where it remains fragile

Homogeneous transport across five cohorts and two platforms (12 = 0%,72 = 0) is, in our
assessment, the strongest single piece of evidence in this study. We added a fifth cohort specifically
to test whether the original four-cohort homogeneity might be an artifact of a small number of
cohorts, and the pooled point estimate barely moved (0.602 with four cohorts, 0.606 with five)
while precision improved modestly. Leave-one-cohort-out analysis on the current five-cohort set
shows no single cohort dominates the pooled estimate: removing the most influential cohort —
Cohort 1, still the largest single contributor of pooled external events despite the addition of Cohort
5 — shifts pooled Harrell's C by only 0.013, and removing any of the other four cohorts shifts it
by 0.004 or less.



That said, transportability here means "modest discrimination replicates," not "discrimination is
high," and calibration slopes below 1 in every external cohort (range 0.346—0.813) indicate the
frozen linear predictor is systematically over-dispersed when transported across platforms, even
though discrimination itself is preserved. We would also want to see this signature tested in a sixth,
larger, and ideally more demographically diverse cohort before treating five-cohort homogeneity
as a fully settled question: all five validation cohorts to date, like the TCGA discovery cohort itself,
are drawn from broadly similar (predominantly US/European) sampling frames, and
transportability outside that frame is untested. The single RNA-seq cohort performed within the
range of the four microarray cohorts, which is reassuring for platform-generalizability but is a

sample of one and should not be over-interpreted as proof that platform no longer matters.

Clinical-utility interpretation

The stage-stratified decision-curve finding — a modest incremental net benefit from adding the
signature in early-stage (I-11) disease, and no measurable incremental benefit in late-stage (III-1V)
disease — strikes us as clinically coherent rather than a simple power artifact. Late-stage treatment
decisions in LUAD are, on the whole, less threshold-sensitive and less discretionary, whereas the
stage I/Il adjuvant-therapy decision is precisely the kind of threshold-dependent, discretionary
decision that decision-curve analysis is designed to inform. We nonetheless flag that the late-stage
subgroup (n=104, 59 events) is underpowered to detect a moderate difference, so an absence of

measured incremental benefit there is not strong evidence of a true absence.

Neither decision-curve result should be read as evidence that this signature is ready to inform an
actual adjuvant-therapy decision today. Decision-curve analysis quantifies utility conditional on a
model's discrimination and calibration being trustworthy in the population where it will be used;
establishing that trustworthiness in a genuinely new, prospectively enrolled population is exactly
what retrospective decision-curve analysis cannot do on its own, however favourable the curve

looks in cross-validation or external validation.

The same caution applies to the nomogram built on the integrated model. Its underlying molecular
score was externally validated, but the nomogram itself — the mapping from inputs to an absolute
predicted risk — was calibrated and evaluated only internally, never against outcomes in an

external cohort. We present it as a summary of the integrated model's internal behaviour, not a



validated absolute-risk tool; external calibration of the nomogram specifically is a prerequisite

before it informs any individual patient's risk estimate.

Limitations, ranked by how much weight a critical reader should give

them

We rank these in the order we expect a skeptical reviewer would raise them, not the order most

flattering to the study.

1. Absolute discrimination is modest, and this is the central limitation, not a footnote. Internal
Harrell's C is approximately 0.61-0.62 across confirmatory-tier models; pooled external C is
0.606. Two of eight internal models — the exploratory-tier DeepSurv and CoxNNet — failed to
clear a 95% confidence-interval lower bound of 0.60 at all. This ceiling, not any single design
choice made along the way, is what keeps us from framing this work as describing a clinical-grade

biomarker.

2. Single discovery cohort. All feature selection and internal cross-validation derive from one
source (TCGA-LUAD, n=504, 182 events). Five-cohort external validation mitigates, but cannot

fully substitute for, an independent second discovery effort with its own feature-selection process.

3. A 4-gene signature, one member of which (BCAN-AS1, an antisense IncRNA) is largely
unmeasurable outside RNA-seq. Four of five external cohorts — 80% of the external validation
set by cohort count, and 427 of 475 pooled external events (90%) — were necessarily scored on a
reduced 3-of-4-gene model rather than the full deployed signature. This is a genuine cross-platform
portability limitation of the specific genes selected here, not something resolved by better
imputation of the missing measurement, and it means the pooled external estimate we headline is,
strictly, an estimate for the 3-gene reduced model with a single 4-gene cohort's contribution, not a

five-cohort validation of the 4-gene signature as deployed.

4. No treatment or adjuvant-therapy covariate is available in any cohort we analysed. We
cannot rule out that treatment allocation, rather than tumour biology alone, partly explains the
observed risk-group survival difference. In our own assessment this is the most consequential

unaddressed confound in the study, more so than any purely statistical limitation above.



5. No protein-level or orthogonal-platform validation. All evidence presented here, including
the external validation, is transcriptomic. Whether DKK 1, CCL20, or MS4A1 protein levels track
the RNA signal in this specific cohort is untested in this study.

6. Prognostic, not predictive. No treatment-randomized or treatment-interaction data exist in any
cohort analysed here. We make no claim, implicit or explicit, that this signature can inform
treatment selection between two or more options; it estimates prognosis under whatever treatment

patients in these cohorts actually received.

7. The proportional-hazards assumption is violated, in two separate analyses. This holds both
for the multivariable clinical + signature Cox model and, separately, for the isolated risk-group
Kaplan—Meier comparison. We report hazard ratios alongside their proportional-hazards test
results throughout, and for the risk-group comparison specifically we report an assumption-free
restricted-mean-survival-time difference; a reader extracting a single hazard ratio from this work
without that surrounding context would be treating a time-averaged effect as if it were a constant

one.

8. All cohorts are demographically similar. The discovery cohort and all five validation cohorts
are drawn from predominantly US/European sampling frames; transportability to other

populations and healthcare settings is untested.

9. Retrospective throughout. Nothing in this study constitutes, or approaches, evidence of
clinical readiness. This is a statement about the scope of what retrospective analysis can establish,

not a hedge or an expression of false modesty.

10. Global, rather than fold-internal, fitting of the VST normalization. The variance-
stabilizing transformation and the low-count gene filter were each fit once on the full discovery
cohort rather than per cross-validation fold. Both are outcome-blind by construction, which
distinguishes this from supervised feature-selection leakage and is standard practice for RNA-seq
normalization, but it is not literally fold-internal, and a fully strict pipeline would refit both per
fold. We regard the resulting leakage risk as small — no survival label enters either step — but we
would rather name this precisely than let our leakage-free framing imply a stronger guarantee than

the pipeline provides.



What would change our conclusions, and what we would want to see next

A sixth external cohort with better-balanced events than Cohort 1 — still the largest single
contributor of pooled events — would be the most informative next experiment for
transportability. A treatment-annotated cohort, even retrospective, would let us test whether the
risk-group survival difference survives adjustment for adjuvant therapy, the most important open
confound. Protein-level validation of DKK1, CCL20 and MS4A1 would upgrade the biological-

plausibility argument from literature-corroborated to directly tested.

None of these additions would, on their own, move this signature from "prognostic,
homogeneously transportable, and modest" to "clinically actionable." That transition requires
prospective, ideally trial-embedded, validation in a population where a treatment decision
genuinely turns on the signature's output — a study design outside the scope of any retrospective

analysis, however rigorously conducted, including this one.

What reporting-guideline compliance does, and does not, buy

All 25 pre-specified TRIPOD+AI [69](which updates the original TRIPOD statement[70],
PROBASTHAI [71](which extends the original PROPBAST tool[72]), and REMARK [73] items
on our tracked checklist were met in this study, machine-audited against the artifacts this run
actually produced rather than asserted by the authors independently of them. We are explicit about
what this does and does not establish. It establishes that the analysis was conducted and reported
in a way that lets a reader check our work — every number in the Results traces to a named table
or figure, every discrimination estimate is reported with an appropriate interval, and calibration is
reported alongside discrimination rather than in its place. It does not establish that the underlying
signal is strong, and reporting-guideline compliance should never be read as a proxy for clinical
validity. A perfectly reported study of a weak biomarker is still a study of a weak biomarker; we

simply think readers are better served knowing that with confidence than not knowing it at all.

We also flag a specific, named gap in this compliance claim rather than let the headline 25/25
figure stand unqualified: the 2024 TRIPOD+ALI statement added a fairness domain that modifies
the model-performance item to recommend reporting discrimination separately across key
subgroups (for example, by sex or age). Our tracked checklist, built before we had reconciled it

against every subitem of the current statement, does not include this as a separate tracked item,



and we did not compute stratified subgroup discrimination in this analysis. We would rather name
this omission explicitly than have a reader discover it independently and reasonably wonder what

else the compliance claim might be silently missing.

Reproducibility as part of the contribution

Every stochastic step in this pipeline is controlled by a single global seed plus deterministic per-
repeat, per-fold seeds; out-of-fold predictions are produced internally rather than reconstructed
from externally saved folds; and a cache-cleared re-run from raw counts reproduces every number
reported here exactly. We regard this as part of the contribution, not incidental infrastructure: a
signature that cannot be exactly regenerated by an independent user is not, in a meaningful sense,
fully reported. We recommend code and a versioned container be deposited with a citable identifier
(e.g., Zenodo) alongside publication, consistent with Genome Medicine's data- and code-

availability requirements.

Conclusion

A pre-specified, leakage-free 4-gene signature adds independent, modest prognostic information
beyond stage, age and sex in this cohort, and its combination with staging — not the signature in
isolation — is the predictor we advance, at Harrell's C 0.676 internally with homogeneous, modest
transport across five independent cohorts (pooled C 0.606, 12 = 0%). Absolute discrimination
does not, on its own, support any claim of clinical readiness. We think the strongest and most
defensible contribution of this work is methodological: a fully leakage-free, pre-specified, multi-
cohort externally validated, and TRIPOD+AI/PROBAST+AI/REMARK-compliant template for
transcriptomic prognostic modelling, offered in a subfield where this level of methodological rigor
remains the exception rather than the rule. We would rather this study be judged on whether its
numbers can be trusted and reproduced than on whether its C-index is the highest reported for
LUAD — and we have tried to write both the Results and this Discussion so that a careful reader

can make that judgement without needing to take our word for it.
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