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Abstract

Gene-expression classifiers can separate lung adenocarcinoma (LUAD) from lung
squamous cell carcinoma (LUSC), but high apparent accuracy does not guarantee
reproducible biomarkers. We developed a locked, cross-cohort analysis that com-
bined nested cross-validation, Elastic-Net feature selection, resampling-based stability
analysis, compact-panel evaluation, and a processing-to-platform shift ladder. The
discovery cohort was GSE37745 (106 LUAD and 66 LUSC samples); the prespecified
primary external cohort was GSE50081 (127 LUAD and 42 LUSC samples). A frozen
Elastic-Net model achieved an internal out-of-fold ROC-AUC of 0.985 and an external
ROC-AUC of 0.909 (DeLong 95% CI, 0.849-0.970). The external AUC degradation
of 0.076 exceeded the prespecified 0.05 tolerance, showing that strong discrimination
did not fully transfer without loss. Of 83 model-selected genes, 58 were selected in at
least 80% of 100 stratified subsamples. Selection frequency was positively associated
with external effect size (Spearman p = 0.385, p < 0.001), and 10- and 20-gene panels
retained 98.0% and 98.5% of the full-model external AUC, respectively. Performance
remained high across several microarray cohorts but fell to near chance in TCGA
RNA-seq data (AUC 0.511), emphasizing platform shift as a major boundary of
generalization. These results support stability and external validation as essential

complements to internal accuracy in transcriptomic biomarker studies.
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1 Introduction

1.1 Background

Lung cancer is biologically heterogeneous, and histologic subtype is clinically relevant for
diagnosis, treatment selection, and interpretation of molecular studies. Lung adenocarcinoma
(LUAD) and lung squamous cell carcinoma (LUSC) have distinct transcriptional programs,
making them a useful test case for evaluating whether machine-learning biomarkers capture
reproducible biology or merely exploit cohort-specific structure. Public gene-expression
datasets make this question tractable, but they also create a high-dimensional, small-sample
setting in which thousands of measured genes compete for relatively few labeled samples.
The central methodological risk is optimistic performance. If feature selection or
preprocessing uses the complete dataset before cross-validation, information from held-out
samples can leak into the model and inflate accuracy [1,2]. The problem is especially serious
for gene lists: many nearly equivalent signatures can predict the same endpoint, while the
particular genes selected can change substantially with the sampled patients [3,4]. Therefore,
a useful biomarker study should report not only discrimination but also locked external

performance, selection stability, calibration, and sensitivity to distributional shift.

1.2 Literature Review

Prior transcriptomic studies have demonstrated that LUAD and LUSC can be separated with
high accuracy, including analyses that transferred histology signatures between array cohorts
and TCGA [5,6]. However, the broader biomarker literature shows that internal performance
is often overstated when selection is performed outside the resampling loop [1,2]. Reviews
and empirical studies have also found that published signatures may fail to reproduce across
resplits or independent datasets, and that random or proliferation-related gene sets can
appear competitive without representing a stable disease mechanism [7,8].

Cross-cohort transfer is further complicated by batch and platform effects. Expression
studies may differ in sample processing, normalization, patient population, geography, array
platform, and sequencing technology. Joint correction can itself leak information when
validation samples influence the transformation, so independent-cohort normalization and
explicit shift diagnostics are safer for a locked evaluation [9-11]. For high-dimensional
classification, simple regularized linear methods remain strong baselines when evaluated
fairly with nested cross-validation [12,13].

Stability selection provides a complementary view of reproducibility by measuring how



often features are selected under perturbations of the training data [14,15]. The present study
extends that idea by asking whether stable genes have larger external effects and whether
stability-ranked panels preserve external performance. This design follows the reporting logic
of TRIPOD and TRIPOD+AI, emphasizing prespecification, locking, external validation,

and transparent limitations [16,17].

2 Data Description

The discovery dataset was GSE37745, an Affymetrix GPL570 cohort with 172 usable samples:
106 LUAD and 66 LUSC. GSE50081, also GPL570, was reserved as the primary external
cohort and contained 169 usable samples: 127 LUAD and 42 LUSC. Secondary cohorts were
GSE43580 (n = 150), GSE8894 (n = 138), GSE30219 (n = 146), and GSE41271 (n = 263).
TCGA lung RNA-seq data were evaluated as the final, cross-platform step of the shift
ladder.

Expression matrices were obtained from GEO or the TCGA Xena resource using accession-
specific files. The TCGA expression representation and preprocessing were recorded sepa-
rately from the microarray preprocessing. RNA-seq values were transformed and aligned
to the frozen discovery-gene list before gene-wise standardization. Genes absent from
TCGA were assigned a standardized value of zero after alignment. Because this procedure
involves a different measurement platform and substantial missing-gene overlap, TCGA
was treated as a cross-platform stress test rather than as directly equivalent validation
of the microarray model. Probe sets were mapped to HGNC symbols using platform
annotations; multi-mapping probes were removed and duplicate symbols were collapsed by
maximum mean expression. A cohort was logs transformed when its median raw intensity
exceeded 50. No samples were excluded for outlier status by default. The final discovery
matrix contained 21,655 harmonized genes; GSE41271 contained 16,664 discovery genes

after platform intersection.

3 Theoretical Framework

3.1 Standardization and the prediction function
For gene g and sample 7, within-cohort standardization was defined as
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Table 1: Cohort composition used in the analysis.

Cohort Usable samples LUAD LUSC
GSE37745 (discovery) 172 106 66
GSE50081 (primary external) 169 127 42
GSE43580 150 7 73
GSE8894 138 63 75
GSE30219 146 85 61
GSE41271 263 183 80
TCGA RNA-seq 1,017 502 515

where 11, and o, were estimated without labels in the relevant training or scoring cohort
and e prevents division by zero. The classifier maps a standardized expression vector z; to

a probability
1

pi=Pr(yi=1|2)=0( +2 ), U(t)zm»

where y; = 1 denotes LUSC and y; = 0 denotes LUAD.

(2)

3.2 Elastic-Net regularization

The primary model estimates the intercept and coefficient vector by minimizing the penalized

e

The ¢, term encourages sparsity, while the ¢, term stabilizes correlated gene groups. Hyper-

logistic loss:
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parameters were selected inside inner cross-validation, so the outer validation folds did not

influence feature selection or tuning.

3.3 Discrimination, calibration, and stability

The ROC-AUC is the probability that a randomly selected LUSC sample receives a higher

score than a randomly selected LUAD sample, with half-credit assigned to ties:
1
AUC =Pr(pt >p) + 3 Pr(pt =p7). (4)

At the locked Youden threshold 7, sensitivity and specificity were computed from the

confusion matrix. Calibration was summarized by the slope and intercept from a logistic



calibration model. For feature g, selection frequency over B perturbations was

1 B
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where 9;, is the selected set in subsample b. Pairwise set agreement was measured by the
Jaccard index 5,15
a O
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Finally, pathway over-representation used the hypergeometric tail probability for observing

at least k selected genes in a pathway of size K within a measured background of size NV:

min(K,n) K N—K
P(X > k)= 2 (J>((N”)J) (5)

with Benjamini—-Hochberg false-discovery-rate correction.

4 Methodology

4.1 Locked analysis plan and preprocessing

The analysis plan was written before model freezing and assigned GSE37745 as discovery
and GSE50081 as primary external validation. All data-dependent steps were placed inside
resampling folds: top-variance filtering, gene-wise scaling, hyperparameter selection, and
model fitting. The discovery analysis used 25 outer folds generated by five repeats of five-fold
stratified cross-validation and four inner folds for tuning. For the stability and compact-panel
analyses, the candidate feature universe consisted of the 5,000 genes selected according to
the prespecified variance-filtering procedure. The filtering rule did not use outcome labels.
The origin of this candidate set is distinct from the full 21,655-gene measured background
used for pathway analysis. Models included L2-regularized logistic regression, Elastic Net,
random forest, and XGBoost; Elastic Net was the prespecified primary model because it
combines interpretability and regularization.

After nested cross-validation, the consensus Elastic-Net hyperparameters were C' = 0.1
and a = 0.5. The final model selected 83 genes. The classification threshold was locked
using Youden’s J statistic on discovery out-of-fold predictions (7 = 0.3376). The model and
threshold were then frozen before scoring GSE50081 or any shift-ladder cohort.



4.2 External validation and shift ladder

External scoring used label-free, per-cohort z-scoring. Missing genes were set to zero after
scaling; this occurred for 646 genes in GSE41271 and 636 genes in TCGA. The primary
endpoint was ROC-AUC on GSE50081 with a DeLong confidence interval [18]. Secondary
metrics were PR-AUC, balanced accuracy, sensitivity, specificity, F1 score, Brier score,
and calibration slope/intercept; PR-AUC was included because it is informative under
class imbalance [19]. The shift ladder was evaluated without threshold or hyperparameter
retuning. External cohorts were standardized using cohort-specific gene means and standard
deviations calculated without using outcome labels. Therefore, the external results represent
transfer under cohort-level standardization rather than deployment to an isolated individual

sample without a reference batch.

4.3 Stability and compact panels

Feature stability was evaluated using 100 stratified subsamples, each containing 80% of the
discovery cohort. Elastic Net was refit on each subsample. Genes with selection frequency
at least 0.80 were labeled stable. Stability-ranked panels of 3, 5, 10, 20, 30, 50, 83, 100, and
5,000 genes were compared with size-matched random panels. The compact-panel criterion

was prespecified as retention of at least 95% of full-model external AUC.

4.4 Pathway Analysis

The 58 stable genes were tested against the 21,655 measured discovery genes using Enrichr
with the MSigDB Hallmark 2020, GO Biological Process 2021, KEGG 2021 Human, and
Reactome 2022 libraries. Over-representation analysis used the measured discovery genes
as the background, and p-values were adjusted using the Benjamini—-Hochberg procedure.
Terms with adjusted p < 0.05 were considered significant.

Feature stability was evaluated using 100 stratified subsamples containing 80% of the
discovery cohort. Genes selected in at least 80% of subsamples were classified as stable. The
analysis used random seed 20260921. Full analysis plans, model artifacts, tables, figures,

and code are provided as supplemental materials.



5 Results

5.1 Internal model performance

All four candidate models performed strongly in discovery cross-validation (Table 2). Elastic
Net achieved mean ROC-AUC 0.983 across outer folds, with mean PR-AUC 0.982 and
balanced accuracy 0.980. Random forest had the highest mean ROC-AUC at 0.988, but
the prespecified Elastic-Net model was retained because the study prioritized a sparse,
interpretable frozen signature. The internal performance comparison is shown in Figure 1.
Table 2 reports mean ROC-AUC across the 25 outer validation folds, whereas Figure 1
reports pooled out-of-fold ROC-AUC obtained by combining predictions across all outer
folds. These values can differ because mean-fold AUC weights each fold equally, while
pooled out-of-fold AUC weights each observation equally. The internal-to-external AUC
degradation was calculated using the pooled out-of-fold value. All numerical results and

figure labels have been made consistent with these definitions.

Table 2: Nested cross-validation performance in GSE37745. Values are means across outer

folds; intervals are the 2.5th and 97.5th percentiles.

Model ROC-AUC PR-AUC Balanced accuracy
L2 logistic regression  0.987 (0.947-1.000) 0.985 0.979
Elastic Net 0.983 (0.929-1.000) 0.982 0.980
Random forest 0.988 (0.959-1.000) 0.982 0.980
XGBoost 0.983 (0.94371.000) 0.976 0.971
Internal OOF ROC Internal OOF PR
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Figure 1: Internal performance of candidate classifiers in nested cross-validation.



5.2 Primary external validation

The frozen Elastic Net achieved ROC-AUC 0.909 in GSE50081 (95% CI, 0.849-0.970),
PR-AUC 0.810, balanced accuracy 0.874, sensitivity 0.881, and specificity 0.866. The Brier
score was 0.091 and the calibration slope was 0.764, indicating useful discrimination with
some departure from ideal calibration. Internal out-of-fold ROC-AUC was 0.985, so the
observed degradation was 0.076. The prespecified AUC threshold of 0.90 was met, but the
prespecified degradation tolerance below 0.05 was not. External ROC curves and GSE50081

calibration are shown in Figure 2.
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Figure 2: External ROC curves across validation cohorts and calibration in GSE50081. The
RNA-seq TCGA curve is close to the diagonal.

5.3 Selection stability and external effects

Across 100 subsamples, 58 genes met the stable threshold of 7, > 0.80. Mean pairwise
Jaccard agreement was 0.493, compared with an approximate chance value of 0.014, yielding
a chance-corrected stability statistic of 0.486. Stable genes had larger mean absolute external
Cohen’s d than unstable genes (1.501 versus 0.482). Selection frequency was positively
associated with absolute external effect size (p = 0.385, p = 7.76 x 107177), supporting the

hypothesis that stability contains information about transferability.

5.4 Compact panels and shift ladder

The full frozen model scored AUC 0.910 in the panel-size analysis. The 10-gene and 20-gene
stability-ranked panels achieved AUC 0.891 and 0.896, retaining 98.0% and 98.5% of full-

model external AUC. Both met the prespecified 95% retention criterion. Random panels



also performed surprisingly well in this biologically separable task, with mean AUC 0.831
for 10 genes and 0.866 for 20 genes, so compact-panel superiority should not be inferred
from discrimination alone. Panel-size performance is shown in Figure 3.

Across the microarray shift ladder, AUCs were 0.933 (GSE43580), 0.973 (GSE8894),
0.998 (GSE30219), and 0.939 (GSE41271). In contrast, TCGA RNA-seq performance
was near chance (AUC 0.511; 95% CI, 0.475-0.546), with 636 missing model genes after
alignment. This final result marks a sharp platform boundary rather than a smooth loss of
accuracy. The relationship between feature stability and external effect size, together with

performance across the shift ladder, is shown in Figure 4.
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Figure 3: Internal and external AUC as a function of stability-ranked panel size. The

shaded region shows the size-matched random-panel null band.
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Figure 4: Relationship between selection stability and external effect size, and generalization
across the shift ladder. Stability is associated with stronger external effects, while RNA-seq

transfer fails.

5.5 Pathway enrichment

Five pathway terms were significant after correction. The strongest were estrogen response
late (adjusted p = 2.58 x 107%; odds ratio 12.93) and keratinization (adjusted p = 0.0036;
odds ratio 17.17). Additional terms included p53 signaling, estrogen response early, and
glycolysis. These results are exploratory because the selected genes were derived from a

histology classification task and the measured-gene background is cohort-specific.

6 Discussion

6.1 Findings and Interpretations

This study evaluated transcriptomic biomarker robustness rather than internal accuracy
alone. The frozen Elastic-Net model achieved strong discrimination in the primary external
cohort, with AUC declining from 0.985 internally to 0.909 externally. Although the
prespecified external AUC target was met, the degradation exceeded the tolerance threshold,
indicating successful but imperfect transfer. Feature stability provided additional evidence
of reproducibility: 58 of 5,000 candidate genes were selected in at least 80% of subsamples,
and higher selection frequency was associated with larger external effects [3,4,15]. Stability-
ranked 10- and 20-gene panels retained most of the full-model AUC, but the strong
performance of random panels shows that compact prediction alone does not establish

biological specificity. The model generalized across several independent microarray cohorts
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but fell to near-chance performance in TCGA RNA-seq data, demonstrating that platform
differences and missing genes can substantially limit transfer. The enrichment results
involving keratinization, p53 signaling, glycolysis, and estrogen-response pathways were
biologically plausible but exploratory because pathway significance does not establish

causality.

6.2 Limitations

This study used retrospective public cohorts with histology labels inherited from their original
studies rather than centralized pathology review. LUAD-versus-LUSC classification may also
be easier than prognosis or treatment-response prediction, and prognostic signatures require
different validation standards [23]. The microarray cohorts were not fully exchangeable,
while the RNA-seq analysis involved substantial missing-gene overlap after harmonization.
Stability was evaluated using 100 rather than 200 subsamples, as determined by the executed
notebook. In addition, the analysis does not establish prospective clinical utility, performance
in routine pathology workflows, or improvement beyond standard clinical and pathological

variables.

6.3 Future Research Direction

Future research should evaluate whether the stable genes provide incremental value beyond
pathology, smoking history, tumor purity, stage, and other clinical variables. Cross-platform
validation should be treated as a separate modeling problem and should include represen-
tative RNA-seq cohorts, platform-aware transformations, and independent locked testing.
Prospective studies could also assess calibration, clinical utility, and robustness in smaller
biopsy specimens. Finally, biological validation of the stable genes and enriched path-
ways would help distinguish reproducible histology-associated signals from correlated but

noncausal markers.

7 Supplemental Materials

The complete Python code, R Code, dataset, and instructions on how to run the codes
are available in the project’s Github Repository for reproducibility and further exploration.

The link is: https://github.com/areenjain09/lung-biomarkers
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