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Background/Objective: Compact gene panels are widely proposed as interpretable substitutes for whole-transcriptome cancer
classifiers and are typically reported as discovered signatures. Feature-selection instability is well established statistically, yet
applied studies naming specific genes rarely measure it. This study asks whether a compact tissue-of-origin panel selected by a
standard pipeline is stable under resampling, and what drives any instability observed.

Methods: Gene-symbol-labeled TCGA RNA-seq from UCSC Xena was used (2,928 primary tumors of breast, kidney clear-cell,
colon, lung and prostate; 20,289 genes). Genes were ranked by random-forest importance, recomputed independently inside
every cross-validation fold. Panel size was chosen by a parsimony rule applied to paired fold differences, without reference to
the test set. Membership was re-derived across 60 resamples at two panel sizes, and stability quantified by selection frequency,
Jaccard overlap and the chance-corrected Kuncheva index. The frozen classifier was applied without retraining to 440 CPTAC
tumors.

Results: Only 14 of 75 genes were selected in at least 80% of resamples, and 381 distinct genes entered the top 75 (mean
pairwise Jaccard 0.319). Canonical markers including GPA33, PAX2 and KLK15 were least stable, and the most reproducibly
selected gene outside the reported panel (NAPSA) was not in the panel. Substitution reflected rank noise rather than redundancy
(median correlation 0.058). Held-out accuracy was nonetheless 99.32% (random forest) and 99.66% (SVM) against 99.83% for
all 20,289 genes, and the panel transferred to CPTAC at 97.7%.

Conclusions: High classification accuracy does not imply a stable gene signature. Studies reporting compact panels should
report selection stability alongside accuracy.

Keywords: RNA-Seq; cancer classification; feature selection; selection stability; nested cross-validation; random forest;
TCGA,; external validation; reproducibility; interpretable machine learning

Introduction to assay, and a short list of named genes can be read and ar-
gued about in a way that a 20,000-dimensional model cannot.
Background and Context Such panels are usually reported as discovered signatures, yet

a prior question is far less often asked: is the selected panel

Tissue of origin shapes cancer treatment, and gene expres- R . . . :
g P g P stable, or is its membership an artifact of a single data split?

sion provides a quantitative complement to morphological di-
agnosis. The idea that expression profiles alone can assign
cancer class dates to Golub and colleagues, who separated  Prior Work on Feature-Selection Stability
acute myeloid from acute lymphoblastic leukemia by expres-
sion monitoring !, and resources such as The Cancer Genome
Atlas (TCGA) have since assembled expression profiles across
many tumor types2. A recurring goal in this literature is to
compress whole-transcriptome accuracy into a compact panel
of named genes>, motivated by the broader argument that
models used for high-stakes decisions should be interpretable
rather than explained after the fact*. Small panels are cheaper

Instability is not a new observation. In the microarray era,
Ein-Dor and colleagues showed that breast-cancer outcome
signature genes are far from uniquely determined, and that
many alternative gene sets predict survival comparably well?.
Michiels and colleagues reached a similar conclusion through
repeated random validation, finding that the gene lists ob-
tained depended strongly on which patients entered the train-
ing set®. Kalousis and colleagues formalized the problem as a
property of the selection algorithm itself and studied it system-
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atically in high-dimensional spaces’; Kuncheva introduced a
chance-corrected consistency index that makes stability com-
parable across selected-subset sizes®; and Nogueira, Sechidis
and Brown later gave an axiomatic treatment of what a stabil-
ity measure must satisfy®.

Methods intended to improve stability also exist: Mein-
shausen and Biithlmann’s stability selection combines subsam-
pling with an existing algorithm and provides error control
over the selected set!?, and Haury, Gestraud and Vert com-
pared thirty-two feature-selection methods on breast-cancer
prognosis data, reporting that the choice of method substan-
tially affects signature stability and interpretability '!.

Instability is also documented for the specific ranking used
here: Strobl and colleagues showed that random-forest Gini
importance is biased when predictors differ in scale or num-
ber of categories !?, and that importance measures favor cor-
related predictors'> — precisely the regime of co-expressed
tissue-of-origin genes. He and Yu reviewed stable selection
for biomarker discovery '4.

Problem Statement and Rationale

This study therefore does not claim to discover feature-
selection instability, nor to offer a method that outperforms
stability selection. The claim is narrower: a standard pipeline
— random-forest importance ranking, nested cross-validation,
a compact panel — produces a panel whose membership is
largely non-reproducible, and applied cancer-classification
studies reporting such panels rarely measure this. The anal-
ysis that reveals it costs a single resampling loop around code
the study has already written.

It is also worth being precise about what is measured, be-
cause “reproducibility” is used in at least three senses. Sta-
tistical reproducibility asks whether the same analysis on re-
sampled data returns the same result; biological reproducibil-
ity whether an independently analyzed cohort yields the same
biology; technical reproducibility whether the same data and
code return the same numbers. This study evaluates the first.
The resampling analysis re-runs one random-forest ranking on
overlapping subsets of the same TCGA data, and the exter-
nal cohort tests whether predictions from a frozen panel trans-
fer, not whether an independent pipeline rediscovers the same
genes. The term used throughout is therefore selection stabil-
ity under resampling.

Significance and Purpose

Two claims are routinely conflated. Showing that five tumor
types are separable using few genes says something about the
data; naming twenty particular genes says something about
those genes, and it is the second that drives assay design and
biological stories about individual markers. If the gene list

does not survive resampling, work aimed at those genes may
be wasted even though the reported accuracy is real.

Objectives

We evaluate a five-type tissue-of-origin classifier on three
axes: (i) how few genes reproduce whole-transcriptome ac-
curacy, benchmarked against a model fitted on all 20,289
genes; (ii) whether a frozen panel transfers without retraining
to an independent cohort; and (iii) — the axis we emphasize
— whether the selected panel is stable under resampling, as-
sessed at two panel sizes and under two importance measures,
and whether any instability reflects biological redundancy or
the behavior of the ranking procedure. The guiding hypothesis
was that accuracy and selection stability are separable proper-
ties.

Scope and Limitations

The scope is narrow. Five anatomically distinct tumor types
were used, so near-ceiling internal accuracy is expected and is
not the contribution. This makes the task an easy one, which
is a conservative setting for a stability analysis: if membership
is unstable when the classes are trivially separable, instability
is unlikely to be milder in harder regimes — pan-cancer clas-
sification, or subtype discrimination within one tumor type —
where compact signatures are more often proposed. Those
regimes are the natural next test. Only expression data were
used, and the work is a cautionary methodological study rather
than a clinical assay.

Methodology Overview

Genes were ranked by random-forest importance refitted in-
side every cross-validation fold; panel size was fixed by a par-
simony rule on paired fold differences; the resulting panel was
evaluated once on a held-out test set, frozen and applied to
an independent cohort, then re-derived across 60 resamples to
measure how often each gene was reselected.

Methods

Research Design

This was a retrospective, cross-sectional computational
study using publicly available, de-identified secondary gene-
expression data; no new specimens were collected and no hu-
man participants were recruited. The design has three stages:
internal model development and evaluation on TCGA data;
external application of the frozen model to an independent co-
hort; and a resampling analysis of feature-selection stability
(Figure 1). Selection stability was the primary endpoint. The
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internal-accuracy and external-transfer analyses are reported
chiefly to establish the regime in which stability is assessed.

Sample and Data Sources

Gene-symbol-labeled per-cohort TCGA RNA-seq data (Illu-
minaHiSeq, log2(norm_count + 1)) for five cohorts — breast
invasive carcinoma (BRCA), kidney renal clear-cell carci-
noma (KIRC), lung adenocarcinoma (LUAD), prostate ade-
nocarcinoma (PRAD) and colon adenocarcinoma (COAD) —
were obtained from the UCSC Xena TCGA hub 1.

Each cohort was restricted to primary solid tumors (sample-
type code 01), reducing the cohorts from 1,218, 606, 576,
550 and 329 samples to 1,097 BRCA, 533 KIRC, 515 LUAD,
497 PRAD and 286 COAD. All five carried the same 20,530
gene symbols, so the intersection removed none; 241 had zero
variance across the pooled matrix and were removed, leav-
ing 20,289. No further filtering was applied — in particular
no expression-level or detection-rate threshold — so selection
operated on the full symbol space. The final matrix comprised
2,928 tumors across 20,289 genes.

The log2(norm_count + 1) transformation is the form in
which UCSC Xena distributes these data. The pseudocount
keeps zero counts finite and compresses differences among
low-expression genes, which is conservative here because it
reduces their influence on the variance-based splits the ran-
dom forest uses.

Class imbalance reflects the underlying TCGA cohort sizes
and was retained rather than corrected, with stratification at
every split. Because unequal sizes could in principle let the
classifier exploit cohort-specific technical variation, a class-
balanced sensitivity analysis was also run (section ”’Sensitivity
and Mechanism Analyses”).

For external evaluation, tumor RNA-seq matrices (gene-
level, upper-quartile-normalized log2 RSEM, coding genes)
were obtained from the CPTAC pan-cancer data freeze v1.2
via LinkedOmicsKB'® for the four cohorts matching our
classes: breast (n = 121), clear-cell renal cell carcinoma cor-
responding to KIRC (n = 103), colon (n = 106) and lung
adenocarcinoma (n = 110), giving 440 tumors. CPTAC has
no prostate cohort. Versioned Ensembl gene identifiers were
mapped to HUGO symbols, with retired symbols resolved to
their current equivalents (for example C8ORFS85 to CFAP418
and C170RF93 to PRAC2) and duplicate symbol mappings
resolved to the higher-expressed transcript. All 75 panel genes
were recovered in every cohort.

Preprocessing and Data Splitting

Class labels were integer-encoded. A 20% stratified test set
(n = 586) was held out once using seed 42, leaving 2,342 de-
velopment samples. Features for the support vector machine

were standardized using training-fold statistics only, so that no
test-set information entered the scaling parameters; the ran-
dom forest used unscaled inputs.

Variables and Measurements

The predictor variables were per-gene normalized expression
values; the outcome variable was tumor type, a five-level cat-
egorical label. Classification performance was measured as
overall accuracy, macro-averaged F1, and per-class recall.

Selection stability was measured by three quantities. Se-
lection frequency is the number of resamples, out of 60, in
which a gene appeared in the re-derived top-k panel. Jac-
card overlap is intersection over union between two panels.
The Kuncheva consistency index corrects observed overlap for
chance, IC = (r—k*/p)/(k—k*/ p) for panels of size k from p
candidates with intersection r, and unlike Jaccard is compara-
ble across k8. With p = 20,289 the expected Jaccard between
independent draws is 0.0005 at k =20 and 0.0019 atk =75, so
observed overlaps far exceed chance and the measures agree
closely; both are reported. A gene belongs to the stable core if
selected in at least 80% of resamples.

Models and Hyperparameters

Two classifiers were used: a random forest and a linear support
vector machine 7!, both implemented in scikit-learn 9 Two
model families were used so that performance would not rest
on a single learner.

The random forest used for gene ranking was grown with
300 trees; the random forest used as a final classifier was
grown with 500 trees. Both used scikit-learn defaults other-
wise: Gini splitting criterion, max_features = sqrt(p), unlim-
ited depth, no class weighting, random seed 42. Tree counts
were fixed rather than tuned, on the grounds that random-
forest generalization error converges almost surely as trees are
added and does not increase with over-large forests'’. The
linear SVM used C = 1.0, the scikit-learn default, fixed rather
than tuned. This is a genuine limitation rather than a design
choice and is stated as such in section “Limitations”.

Feature importance was scikit-learn’s default mean de-
crease in impurity (Gini importance). Gini importance is
known to be biased toward correlated predictors !> — pre-
cisely the regime under study — and the stability analysis was
therefore repeated under permutation importance as a sensi-
tivity check (Sections ”’Sensitivity and Mechanism Analyses”
and ”Sensitivity Analyses”).

Procedure: Nested Cross-Validation and Panel Selection

Gene ranking and panel-size selection were performed within
outer training folds only, using an outer 10-fold loop and an
inner 5-fold loop, with the ranking recomputed independently
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inside every fold. Candidate panel sizes were 5, 10, 15, 20,
30, 50, 75, 100, 150 and 200.

The prespecified nested procedure did not converge on a
single panel size. Across the ten outer folds it selected 150,
75,200, 75,75, 50,75, 150, 100 and 150 genes — five distinct
values, with no size chosen in more than four folds. This is
reported as a result in its own right (section ”A Compact Panel
Matches Whole-Transcriptome Accuracy, and the Accuracy
Surface Is Flat”) rather than resolved by taking a modal value.

Because the procedure gave no consensus, panel size
was fixed by a one-standard-error rule applied to the cross-
validation folds and without reference to the held-out test set:
the smallest candidate size whose mean outer-fold accuracy
lies within one standard error of the best-performing size. The
best sizes (100-200 genes) achieved 99.915% with a stan-
dard error of 0.057 percentage points, giving a threshold of
99.858%; the smallest size clearing it is 75 genes, which is the
panel size reported throughout. No panel size was chosen by
reference to held-out performance.

For completeness, an alternative rule — the smallest
size not significantly worse than any larger size, by paired
Wilcoxon test — selects 30 genes (Table 2). Both rules se-
lect a panel substantially larger than the 20 genes reported in
the original submission of this work, and the discrepancy is
discussed in section A Note on the 20-Gene Panel”.

External Validation Procedure

The frozen classifiers were applied without retraining to the
440 CPTAC tumors under three normalization schemes, re-
ported together so that the sensitivity of transfer to this choice
is visible.

In the raw scheme, CPTAC values were supplied directly
to the frozen models with no alignment. In the pooled-batch
scheme, each gene was standardized once across all 440 sam-
ples together, with cohort labels never used, reflecting the
prospectively realistic setting in which an unlabeled batch is
normalized against itself. In the within-sample rank scheme,
each sample’s panel genes were converted to percentile ranks,
requiring no batch statistics. Pooled batch is the primary exter-
nal result. A per-cohort scheme was also examined but is not
reported: because each CPTAC cohort contains a single class,
centring within cohorts removes the between-class differences
the classifier depends on.

Selection-Stability Analysis

To test whether panel membership is stable, the top-k panel
was re-derived across 60 resamples of the development split
only: the 10 outer cross-validation folds plus 50 repeated
80/20 stratified splits generated with different random seeds.
The held-out test set was excluded from every resample. For

each gene we recorded selection frequency; for each pair
of resampled panels we recorded Jaccard overlap and the
Kuncheva index. The ranking forest was re-seeded on each
resample, so the reported instability includes the estimator’s
own randomness as well as the data resampling. Holding the
forest seed fixed would attribute variation to the data alone and
would report higher apparent stability; since the study’s sub-
ject is instability, the more inclusive accounting was preferred.

Sensitivity and Mechanism Analyses

Three further analyses were run.

1. Panel size. The entire stability analysis was repeated at
k =20 and k = 75, so that whether a larger panel yields more
reproducible membership is answered by measurement rather
than assertion.

2. Ranking criterion. The stability analysis was repeated
at k = 20 using permutation importance in place of Gini im-
portance, to test whether the observed instability is a prop-
erty of the data or an artifact of the documented irregularity
of impurity-based importance with correlated predictors %13,
Because permutation importance is roughly an order of mag-
nitude more costly, this run used 30 resamples rather than 60,
and permutation was applied to the 500 highest-ranked genes
rather than to all 20,289; genes outside that pool cannot plau-
sibly enter a top-20 panel. Both departures are noted where
the result is reported.

3. Class balance. All five cohorts were downsampled to
the size of the smallest (n = 286 per class, 1,430 total) and the
accuracy-versus-size curve recomputed, to test whether per-
formance depends on the cohort size imbalance.

4. Substitution structure. For every gene in the reported
panel that dropped out on a given resample, the genes that
entered in its place were recorded, together with their Pearson
correlation with the dropped gene. This tests directly whether
instability reflects redundancy among co-expressed genes or
arbitrary reordering near the selection threshold.

Benchmarks and Statistical Analysis

A model fitted on all 20,289 genes provides the whole-
transcriptome benchmark against which compact-panel accu-
racy is compared. Accuracy at each candidate panel size is
reported with 95% confidence intervals computed from the
standard error of the fold means, and differences between
panel sizes are assessed by paired per-fold differences with a
Wilcoxon signed-rank test rather than by comparison against
a pooled standard deviation. Because several fold means sit
close to the ceiling, normal-approximation intervals can ex-
tend above 100%; such intervals are truncated at 100 in the
reported tables.
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Wilson 95% confidence intervals are reported for accu-
racy and recall, since the observed proportions sit close to 1.
Macro-F1 intervals were bootstrapped with 5,000 resamples,
seed 42.

The selected genes were submitted to g Profiler (g GOSt)
for functional enrichment analysis?® against Gene Ontology,
KEGG, Reactome and related sources, using the default g SCS
multiple-testing correction and an adjusted p-value threshold
of 0.05.

Ethical Considerations

This study used only publicly available, de-identified sec-
ondary data from TCGA and CPTAC, collected under the
informed-consent and governance frameworks of their origi-
nating studies. No new human-participant data were collected,
no attempt was made to re-identify any individual, and no clin-
ical decisions were made on the basis of these analyses; in-
stitutional review board approval and informed consent were
therefore not applicable. All analysis code and derived tables
are released openly.

Results

TCGA RNA-seq (UCSC Xena)
5 cohorts - 2,928 primary tumors - 20,289 genes

Selection stability
l 60 resamples of development set
k=75 and k = 20

Preprocessing
primary tumors only - 241 zero-variance genes removed

1

80/20 stratified split (seed 42)
development n = 2,342 - test n = 586 held out

1

Nested cross-validation (10 outer x 5 inner)
RF ranking refit inside every fold -
one-standard-error rule » k = 75

replacement identity and correlation

External validation
CPTAC - 440 tumors - frozen model
l RF 97.73% - SVM 98.18% (pooled batch)

Single held-out evaluation
RF 99.32% * SVM 99.66%

Figure. 1 Overview of the study workflow, from TCGA training data
through panel selection, stability analysis, and external validation

Internal Performance

Nested cross-validation accuracy was 99.83% =+ 0.28%. On
the held-out test set (n = 586), the 75-gene random forest
reached 99.32% accuracy (95% CI 98.26-99.73; macro-F1
99.26%, 95% CI 98.39-99.87) and the linear SVM reached
99.66% (95% CI 98.76-99.91; macro-F1 99.67%, 95% CI

99.13-100.00). Per-class recall was at or above 0.98 for ev-
ery class in both models (Table 1; confusion matrices in Fig-
ure 2). Near-ceiling accuracy of this kind is expected for five
anatomically distinct organs and is reported as context for the
stability analysis rather than as a finding in itself.

random forest — 99.32% (4 errors) linear SVM — 99.66% (2 errors)

BRCA BRCA
COAD 56 1 COAD 57
T T
s &
o KIRC 2 105 o KRC 1 106
S 3
= =
LUAD 1 102 LUAD 1 102
PRAD 929 PRAD 99

BRCA COAD  KIRC ~ LUAD  PRAD
Predicted label

BRCA COAD  KIRC ~ LUAD  PRAD
Predicted label

Figure. 2 Held-out test confusion matrices (n = 586), random forest
(left) and linear SVM (right).

Misclassified Cases

The random forest misclassified 4 of 586 held-out samples:
two KIRC specimens assigned to BRCA, one LUAD assigned
to KIRC, and one COAD assigned to LUAD. The SVM mis-
classified 2, one KIRC assigned to BRCA and one LUAD as-
signed to KIRC, both of which the random forest also missed.
Errors were distributed across three classes rather than con-
centrated in one, and no pair of classes was systematically
confused. At this error rate a single specimen shifts per-class
recall by a full percentage point, and COAD figures rest on
only 57 test samples, so per-class differences of this magni-
tude should not be over-interpreted.

Compact Panel Matches Whole-Transcriptome Accuracy,
and the Accuracy Surface Is Flat

A model fitted on all 20,289 genes achieved 99.83% =+ 0.30%
cross-validated accuracy. Accuracy rose steeply over the first
ten ranked genes and then plateaued (Figure 3): 74.09% with
2 genes, 94.28% with 5, 99.32% with 10, 99.62% with 15,
99.66% with 20 and 30, 99.83% with 50, 99.87% with 75, and
99.92% with 100 through 200. Seventy-five genes — 0.37%
of the transcriptome — match the whole-transcriptome model
to within 0.04 percentage points. The ranking was recomputed
independently inside each training fold, so no validation sam-
ple informed the gene ordering used to score it.

Two features of Table 2 matter for what follows. First, the
accuracy surface is flat over a wide range but not uniformly
so: 15 and 20 genes remain significantly worse than 150 and
200 (p =0.031 in each case), while every size from 30 upward
is statistically indistinguishable from all larger sizes. Differ-
ences among the larger sizes are 0.04 to 0.09 percentage points
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Table 1 Held-out test performance (n = 586). Accuracy and macro-F1 in percent with 95% confidence intervals; the final five columns give

per-class recall.

Model Accuracy (95% CI)

Macro-F1 (95% CI)

BRCA COAD KIRC LUAD PRAD

Random forest
Linear SVM

99.32 (98.26-99.73)
99.66 (98.76-99.91)

99.26 (98.39-99.87) 1.00 0.98 0.98 0.99 1.00
99.67 (99.13-100.00) 1.00 1.00 0.99 0.99 1.00

Class support: BRCA 220, COAD 57, KIRC 107, LUAD 103, PRAD 99.

Table 2 Mean outer-fold accuracy at each candidate panel size, and
the larger sizes against which each is significantly worse by paired
Wilcoxon signed-rank test (10 outer folds, p < 0.05). The complete
pairwise p-value matrix is available in the study repository.

Panel size Mean accuracy (%) Significantly = worse
than

2 74.09 all larger sizes
5 94.28 all larger sizes

10 99.32 50,75, 100, 150, 200
15 99.62 150, 200

20 99.66 150, 200

30 99.66 none

50 99.83 none

75 99.87 none

100 99.92  none

150 99.92  none

200 99.92  none

— afraction of one misclassified sample per fold. Second, this
flatness explains why the nested procedure failed to converge.
When the objective cannot distinguish 30 from 200 genes, the
size chosen in any fold reflects fold-level noise rather than a
genuine optimum, which is exactly what the scatter across 50,
75, 100, 150 and 200 in section "Procedure: Nested Cross-
Validation and Panel Selection” shows. The same argument
anticipates section “The Selected Panel Is Largely Unstable™:
an objective this flat exerts almost no pressure on which genes
are selected either.

The Selected Panel

The 75-gene panel contains recognized lineage markers —
NKX2-1, SFTA3 and the surfactant genes SFTPA1, SFTPA2,
SFTPB and SFTPD for lung; KLK2, KLK3, KLKI5,
HOXB13, SLC45A3, NKX3-1 and FOLHI for prostate;
PAX2, PAX8, HNF1B and CDHI16 for kidney; TRPSI,
GATA3 and SCGB2A2 for breast; GPA33 for colon — along-
side tissue-enriched genes and several that peak in a type with-
out being established markers for it. Standardized mean ex-
pression of the most highly ranked of these genes across the

ptome (99.83%)

100 whole transcri

Cross-validated accuracy (%)

2 5 10 15 20 30 50
Panel size (number of genes, log scale)

75 100 150 200

Figure. 3 Cross-validated accuracy versus panel size, with 95% con-
fidence intervals; ranking refitted within each training fold. The
horizontal dashed line marks the whole-transcriptome benchmark
(99.83%, all 20,289 genes); the vertical dashed line marks the 75-
gene reference size used for the paired comparisons in Table 2.

five tumor types is shown in Figure 4. As shown below the
membership is not stable, so this list should be read as one
draw from a much larger pool of near-equivalent genes rather
than a uniquely determined signature.

The full 75-gene panel, with each gene’s selection fre-
quency across the 60 resamples, is provided as Supplementary
Table S2.

=

2

a8

°

o
2z-score

Figure. 4 Standardized (z-scored) mean expression of the 20
highest-ranked panel genes within each tumor type, with selection
frequency across 60 resamples in parentheses. Genes are ordered by
random-forest importance and correspond to ranks 1-20 of Supple-
mentary Table S2.
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The Panel Is Functionally Coherent Even Though Its
Membership Is Not

Submitted to g Profiler, the panel returned significant en-
richment across 136 biological-process terms, 13 molecular-
function terms and 2 cellular-component terms, together with
hits in KEGG, Reactome (9 terms) and WikiPathways (3
terms). The strongest signal was morphogenesis of an epithe-
lium (adjusted p = 1.71 x 10~'1), followed by urogenital sys-
tem development (1.01 x 107°), positive regulation of tran-
scription by RNA polymerase II (3.29 x 107°), response to
chemical (2.98 x 10~3), dorsal/ventral pattern formation (7.49
x 1073), right lung development (1.40 x 10~2), lung alveolus
development (2.24 x 1072) and regulation of hormone levels
(2.66 x 1072). Molecular-function terms were led by DNA-
binding transcription factor activity and RNA polymerase II
regulatory-region binding (3.17 and 3.20 x 1073); cellular-
component terms were chromatin (5.62 x 10~3) and clathrin-
coated endocytic vesicle (2.71 x 1072).

This should be read alongside section “The Selected Panel
Is Largely Unstable”. Enrichment asks whether a gene set is
drawn from a coherent functional space, and this one plainly
is: organ-identity transcription factors, developmental pattern-
ing genes and lineage-restricted effectors. It does not estab-
lish that the particular genes drawn from that space are re-
producible. Given that 381 distinct genes entered the top 75
across resamples, and that the pool near the selection thresh-
old is itself dominated by tissue-restricted genes, a resampled
panel would enrich for similar terms while sharing a minority
of its members. Functional coherence at the level of the set
does not mitigate instability at the level of the gene.

Transfer to an Independent Cohort Depends Entirely on
Normalization

Applied without retraining to the 440 CPTAC tumors, the
frozen 75-gene classifier behaved very differently under the
three normalization schemes (Table 3).

Supplied with raw CPTAC values, transfer failed: 32.05%
accuracy for the random forest and 40.23% for the SVM,
barely above the 25% expected from guessing a single class
among four. The failure mode is informative — 237 of 440
samples were assigned by the random forest to PRAD, a class
with no representatives in CPTAC at all. TCGA expression
is distributed as log2(norm_count + 1) from RSEM while CP-
TAC is upper-quartile-normalized log2 RSEM; the two encode
the same biology on incompatible scales, and a frozen model
has no mechanism to bridge them.

Under pooled-batch standardization, in which each gene
was z-scored once across all 440 samples with no use of cohort
labels, transfer succeeded: 97.73% accuracy for the random
forest and 98.18% for the SVM, with macro-F1 of 98.67%

and 99.02% respectively computed across the four classes rep-
resented in CPTAC. This is the realistic setting for batch-level
deployment, in which a set of unlabeled tumors is normal-
ized against itself; it does not extend to an isolated prospective
sample, for which no batch statistics exist.

The error structure is highly asymmetric (Figure 5). The
random forest made only 10 errors in 440 samples, and 9 of
them were colon tumors assigned to PRAD — the class that
cannot be correct. Breast (121/121) and lung (110/110) were
classified perfectly and kidney lost a single sample. The SVM
shows the same pattern in purer form: all 8 of its errors are
COAD—PRAD, and the other three classes are perfect. Set-
ting aside predictions into the empty class, the frozen panel
separates the four available types with one error in 440 for the
random forest and none for the SVM.

Almost the entire external shortfall is therefore attributable
to one failure mode — colon tumors drawn into a class that
cannot be correct — rather than to degraded discrimination
among the classes present. That failure mode is a predictable
consequence of applying a five-class model to a four-class co-
hort: with no prostate samples anchoring the boundary, the
region assigned to PRAD absorbs whichever class sits near-
est, here colon. This is a limitation of using a frozen panel
rather than of its discriminative content.

The within-sample rank transform, which requires no batch
statistics at all, reached 65.91% (random forest) and 81.14%
(SVM) — better than raw values but well short of pooled-
batch standardization, indicating that much of the panel’s dis-
criminative information resides in between-sample expression
levels rather than in the within-sample ordering of the genes.

An earlier version of this study applied the frozen panel to
GSES54460, a cohort of 106 formalin-fixed, FPKM-quantified
prostate specimens obtained from the Gene Expression Om-
nibus, as a deliberate cross-platform stress test. Transfer
failed: recall was 0% under training-fixed normalization and
10-19% under pooled normalization. Panel genes in that co-
hort sit 5 to 9 log2 units below the training mean, so the frozen
model reads them off-scale, while KLK2 was nonetheless cor-
rectly elevated in the prostate specimens — a failure of scale
and platform rather than of biology. That observation mo-
tivated the systematic normalization comparison reported in
this section, which supersedes it as a characterization of when
transfer succeeds; the cross-platform cohort itself was not car-
ried forward to the 75-gene panel.

Two conclusions follow. Transfer of a frozen panel across
consortia is achievable but conditional: it requires the target
batch in hand for normalization, which is possible for a batch
of specimens and impossible for a single prospective sam-
ple. And the success of pooled-batch transfer provides evi-
dence against the concern that the classifier merely exploits
TCGA-specific technical variation, since CPTAC is an inde-
pendent consortium with a different sequencing and quantifi-
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Table 3 External validation on 440 CPTAC tumors (BRCA 121, KIRC 103, COAD 106, LUAD 110). All 75 panel genes were recovered.
CPTAC has no prostate cohort, so PRAD predictions are necessarily incorrect. Macro-F1 is computed across the four represented classes.

Normalization Model Accuracy (%) Macro-F1 (%) Pred. PRAD
Raw values Random forest 32.05 32.05 237
Raw values Linear SVM 40.23 39.58 167
Pooled batch Random forest 97.73 98.67 9
Pooled batch Linear SVM 98.18 99.02 8
Within-sample rank  Random forest 65.91 59.44 0
Within-sample rank  Linear SVM 81.14 77.12 0

random forest — 97.73% linear SVM — 98.18%

COAD 9 COAD 98 8

KIRC 1 KIRC 103

True label
True label

BRCA COAD  KIRC  LUAD  PRAD
Predicted label

BRCA COAD  KIRC  LUAD  PRAD
Predicted label

Figure. 5 External validation confusion matrices on 440 CPTAC
tumors under pooled-batch normalization, random forest (left) and
linear SVM (right). The PRAD row is empty because CPTAC has
no prostate cohort; PRAD can therefore only appear as an incorrect
prediction.

cation pipeline.

The Selected Panel Is Largely Unstable

Re-deriving the top-75 panel across 60 resamples of the de-
velopment data, only 14 of 75 genes were selected in at least
80% of resamples: C200RF56, FOXF1, GATA3, HKDCI,
HNF1B, LMX1B, PRLR, SFTA3, SFTPA1, SFTPA2, SFTPB,
TCF21, TFAP2A and TRPS1. 381 distinct genes entered the
top 75 at least once across the 60 resamples — more than five
times the nominal panel size — and the mean pairwise Jaccard
overlap between resampled panels was 0.319 (Kuncheva index
0.480). Overlap with the reported panel ranged from 0.250
to 0.485, mean 0.339. For comparison, the expected Jaccard
overlap between independent random draws of 75 genes from
20,289 is 0.0019, so the observed overlap is far above chance:
the panels are not random, but are drawn from a large con-
strained pool. The complete list of all 381 genes with their
selection frequencies is provided in Supplementary Table S1.

Three features deserve emphasis. First, the stable core is not
composed of the canonical markers: KLK2, KLK3, HOXB13,
NKX3-1, PAX2, PAX8, SLC45A3 and NKX2-1 all fall below
the 80% threshold, while the core is dominated by the lung
surfactant block (SFTPA1, SFTPA2, SFTPB, SFTA3) and a

handful of transcription factors.

Second, selection frequency bears little relation to reported
importance rank. RDH11, ranked first by random-forest im-
portance, was reselected in only 24 of 60 resamples (0.40) and
does not reach the core.

Third, and most tellingly, the most reproducibly selected
gene outside the reported panel in the entire analysis is
NAPSA.. NAPSA entered the top 75 in 52 of 60 resam-
ples (0.87) — above the core threshold, and more frequently
than 67 of the 75 reported genes. SFTPC (45/60), CHRNA2
(41/60), CPNE4 (40/60) and FXYD2 (40/60) likewise outrank
most panel members. Panel membership is therefore a poor
guide to which genes the procedure actually tends to select.

Stability Is Better at 75 Genes Than at 20, but Remains
Poor

Because stability depends mechanically on the requested set
size, the analysis was also run at k = 20 (Table 4). Member-
ship stability is better at the larger size: the core rises from
15.0% to 18.7% of the panel, mean pairwise Jaccard from
0.215 to 0.319, and the Kuncheva index from 0.349 to 0.480.
Enlarging the panel does make membership somewhat more
reproducible.

The improvement does not change the conclusion. At 75
genes, 381 distinct genes still entered the panel across resam-
ples and 61 of 75 still failed the 80% threshold. Part of the im-
provement is mechanical, since larger sets overlap more read-
ily, which is why the chance-corrected index rises less steeply
than raw Jaccard. A panel in which four genes in five are not
reliably reselected is not a stable signature at either size.

A Note on the 20-Gene Panel

An earlier version of this analysis reported a 20-gene panel.
That size was not the product of the selection rule stated in
section “Procedure: Nested Cross-Validation and Panel Selec-
tion”; it was fixed before the rule was formalized, and when a
one-standard-error rule is applied to the cross-validation folds
it selects 75 genes rather than 20. Table 2 shows why: 20
genes is significantly worse than 150 and 200 genes (p =
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Table 4 Selection stability at two panel sizes, 60 resamples each.

Panel size ~ Core genes (>80%)  Core fraction  Distinct genes entering top k'~ Mean pairwise Jaccard ~ Kuncheva index
20 3 0.150 149 0.215 0.349
75 14 0.187 381 0.319 0.480

Expected random Jaccard: 0.0005 (panel size 20), 0.0019 (panel size 75).

0.031), so it does not satisfy a parsimony criterion defined
against all larger sizes either.

We report this explicitly because it is an instance of the phe-
nomenon the paper describes. The choice of panel size, like
the choice of panel membership, was unstable under scrutiny,
and the original value survived not because it was selected but
because it had been reported. Stability results for the 20-gene
panel are retained in Table 4 for comparison.

Instability Reflects Rank Noise at the Selection Threshold,
Not Biological Redundancy

A natural explanation for unstable membership is redundancy:
if several co-expressed genes carry the same lineage signal,
whichever one surfaces is arbitrary but the underlying biology
is preserved. The substitution analysis does not support this
explanation.

Across the 370 substitution events recorded at k = 75, the
median Pearson correlation between a dropped gene and the
gene that replaced it was 0.058 — essentially zero. Forty-
nine percent of substitutions involved a negatively correlated
replacement, and only 14% exceeded r = 0.7. Under a re-
dundancy mechanism the distribution would be concentrated
at high positive correlation; it is instead centred at approxi-
mately no relationship at all. The same analysis at k = 20
gave a median correlation of —0.124, with 58% negative.

The identity of the replacements is equally telling. Five
genes — NAPSA, SFTPC, CHRNA2, CPNE4 and FXYD2 —
accounted for 302 of the 370 substitution events, entering the
panel whenever a slot opened regardless of which gene had
left. These are not lineage-matched stand-ins for the genes
they displaced; they are the genes ranked immediately below
the selection cutoff.

The mechanism this supports is continuous with section ”A
Compact Panel Matches Whole-Transcriptome Accuracy, and
the Accuracy Surface Is Flat”. Because the accuracy surface
is flat across a wide range of panel sizes, the importance rank-
ing is correspondingly flat near the selection threshold, and
small perturbations of the training data reorder genes across
the cutoff essentially at random. Instability here is a property
of an arbitrary threshold imposed on a nearly flat ranking, not
of interchangeable biology.

Sensitivity Analyses

Ranking criterion. Repeating the stability analysis with per-
mutation importance in place of Gini importance made mem-
bership markedly less stable, not more (Table 5). No gene
reached the 80% threshold at all, so the stable core fell from
three genes to zero. The number of distinct genes entering
the top 20 rose from 149 to 305 — more than fifteen times
the panel size — and mean pairwise Jaccard overlap fell from
0.215 to 0.053, with the Kuncheva index falling from 0.349 to
0.087.

This bears directly on the concern that the instability re-
ported here might be an artifact of impurity-based importance.
Permutation importance is the standard remedy for the known
irregularity of Gini importance with correlated predictors 13,
and under it the panel does not merely remain unstable but
ceases to have any reproducible membership whatever. Two
differences from the primary analysis should be kept in view:
this run used 30 resamples rather than 60 and permuted only
the 500 highest-ranked genes. Neither accounts for a gap of
this size, and fewer resamples would if anything inflate appar-
ent stability.

There is also a plausible mechanism, continuous with sec-
tion “Instability Reflects Rank Noise at the Selection Thresh-
old, Not Biological Redundancy”. Permutation importance
measures the accuracy lost when a feature is shuffled; when
the accuracy surface is as flat as Figure 3 shows, shuffling any
one gene costs almost nothing, because correlated genes carry
the same discriminative signal. The quantity being ranked is
therefore close to noise. Rather than a separate finding, this
is the threshold-noise account of section “Instability Reflects
Rank Noise at the Selection Threshold, Not Biological Redun-
dancy” seen through a second importance measure.

Class balance. With all five cohorts downsampled to n =
286 (1,430 samples), accuracy at the reported 75-gene panel
was 99.86%, against 99.87% on the full imbalanced data, and
the shape of the accuracy-versus-size curve was unchanged
across the whole grid (73.92% at 2 genes, 96.01% at 5,
99.09% at 10, 99.86% at 50-100, 99.93% at 150-200). Clas-
sification performance therefore does not depend on the co-
hort size imbalance, and the concern that the classifier exploits
cohort-specific batch structure is not supported.

The stable core. A classifier restricted to the fourteen sta-
bly selected genes was not evaluated in this study. Quantifying
how much of the model’s performance rests on reproducibly
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Table 5 Selection stability at k = 20 under two importance measures. The permutation comparison was run at k = 20 rather than 75 for

computational reasons.

Importance measure  Resamples  Core genes (>80%) Distinct genes entering top k&  Mean pairwise Jaccard ~ Kuncheva index
Gini (primary) 60 3 149 0.215 0.349
Permutation 30 0 305 0.053 0.087

selected genes, as opposed to genes that vary across resam-
ples, is a direct extension of this work and is named as such in
section “Limitations”.

Discussion

Restatement of Key Findings

Four findings stand out. First, five tumor types are near-
perfectly separable from expression data, and a 75-gene panel
comes within 0.04 percentage points of a model using all
20,289 genes — consistent with pan-cancer analyses show-
ing that molecular classification is dominated by cell-of-origin
patterns rather than by shared oncogenic processes’!. Sec-
ond, the accuracy surface across panel sizes is statistically flat
above 15 genes, and the prespecified nested procedure conse-
quently failed to converge on a panel size at all. Third, the
specific panel membership is largely unstable: 14 of 75 genes
reach the 80% threshold, 381 genes cycle through, the canon-
ical lineage markers are among the least stable, and a highly
reproducibly selected gene, NAPSA, was not in the reported
panel.Fourth, the instability is driven by rank noise at the se-
lection threshold rather than by biological redundancy, and it
is not an artifact of the importance measure, since under per-
mutation importance the stable core disappears altogether.

Implications and Significance

With under a fifth of the panel reliably selected and 381 genes
cycling through the top 75, the high accuracy clearly does
not depend on this particular list; many near-equivalent panels
would perform as well. It is fair to say the classification task
is interpretable, since recognizable lineage markers appear
among the top-ranked genes and the panel enriches for organ-
identity programs. It is not fair to call this list a biomarker
signature, because most of its canonical markers are not reli-
ably selected at all.

The mechanism in section “Instability Reflects Rank Noise
at the Selection Threshold, Not Biological Redundancy”
makes this more than a cautionary observation. Had insta-
bility arisen from redundancy, a reader could reasonably con-
clude the biology was robust even if the list was not. What the
data show instead is that the selection threshold is arbitrary:
genes cross it in response to noise, and frequently displace

genes they are uncorrelated with. Nothing about the specific
list is preserved.

This reframing, rather than the instability itself, is the con-
tribution. The literature reviewed in section “Prior Work on
Feature-Selection Stability” established decades ago that fea-
ture selection in high-dimensional correlated data is unstable.
What this study adds is a demonstration, on current RNA-seq
data with a routine pipeline, that the problem arises immedi-
ately, in an easy five-class task, at near-ceiling accuracy, and
would be invisible to a reader shown only the accuracy and the
gene list.

Connection to Objectives

The first objective was met: a compact panel reproduced
whole-transcriptome accuracy to within 0.04 percentage
points, benchmarked against a model actually fitted on all
genes. The second was met conditionally, since transfer to an
independent consortium reached 97.7% under batch normal-
ization and failed without it. The third was met more sharply
than anticipated: accuracy and selection stability came apart,
the genes that came apart worst were the canonical markers,
and the mechanism proved to be threshold noise rather than
the redundancy expected.

Comparison with Prior Work

Prior RNA-seq classifiers have mostly pursued the harder
pan-cancer problem and emphasized accuracy. Li and col-
leagues classified 31 TCGA types using k-nearest neigh-
bours with genetic-algorithm selection?’; Lyu and Haque
classified 33 types with a convolutional neural network at
95.59%23; Mostavi and colleagues compared convolutional
architectures?*; and Grewal and colleagues reached 99% for
primary cancers in an independent cohort, extending to can-
cers of unknown primary?>. These many-class tasks are not
directly comparable to a five-type problem, but none reports
the stability of the feature set underlying the model.

Against the stability literature the positioning differs. Ein-
Dor> and Michiels® reached an analogous conclusion for
breast-cancer prognostic signatures in the microarray era,
and the present results confirm that it survives the transition
to RNA-seq, tree-ensemble selection, and a far easier task.
Haury and colleagues'! showed selection method materially

10 | NHSJS 2026

© The National High School Journal of Science 2026



affects stability, which bounds how far this result generalizes
beyond importance-based ranking.

Interpretation of the Instability

Three explanations for the observed instability can be distin-
guished, and the evidence bears on each differently.

Biological redundancy — many genes genuinely carrying
overlapping tissue-of-origin signal — is not supported by the
substitution analysis. A median dropped-to-replacement cor-
relation of —0.124, with 58% of substitutions negatively cor-
related, is inconsistent with correlated genes standing in for
one another. Only 13% of substitutions exceeded r = 0.7.

Statistical instability at the selection threshold — a nearly
flat importance ranking, so that small perturbations reorder
genes across an arbitrary cutoff — is supported, both by the
concentration of substitutions in five near-threshold genes and
by the flat accuracy surface documented in section ”A Com-
pact Panel Matches Whole-Transcriptome Accuracy, and the
Accuracy Surface Is Flat”. When accuracy is statistically in-
distinguishable from 15 to 200 genes, no strong pressure exists
on which genes occupy positions 15 through 200.

Methodological artifact specific to Gini importance — the
possibility that another ranking criterion would be markedly
more stable — is not supported, and the evidence points the
other way. Repeating the analysis under permutation impor-
tance, the standard remedy for the documented irregularity
of impurity-based importance with correlated predictors %13,
eliminated the stable core entirely and more than doubled the
number of genes cycling through the panel (section ”’Sensitiv-
ity Analyses”). The instability is therefore not an artifact of the
particular importance measure; it is at least as severe under the
measure recommended to correct that measure’s known bias.

This does not establish that no selection method would yield
a stable panel: approaches operating on different principles,
such as stability selection 10 or regularization, were not tested,
and selection method is known to affect stability materially '!.
It does establish that switching between the two importance
measures in routine use does not resolve the problem.

We therefore do not claim that canonical biomarkers are bi-
ologically unimportant. The claim is that under this widely
used selection procedure their appearance in a reported top-
k list is not reproducible, and that a reader cannot infer from
such a list that the named genes are uniquely or even prefer-
entially informative.

Limitations

Several limitations apply.

Near-ceiling internal accuracy reflects how distinct these
five lineages are and should not be read as a general bench-
mark; stability in harder regimes remains untested.

The held-out test set is not strictly untouched. An earlier
version of this analysis examined held-out accuracy before
the panel size was finalized. The parsimony rule reported in
section “Procedure: Nested Cross-Validation and Panel Selec-
tion” is defined on cross-validation folds and makes no ref-
erence to the test set, but it was formulated after that earlier
inspection. The internal figure of 99.32% should therefore be
read as an internal estimate rather than a fully independent
one, and the CPTAC evaluation, which was never used in any
selection decision, is the cleaner external number.

Hyperparameter optimization was minimal: the SVM reg-
ularization parameter was fixed at C = 1.0 and forest sizes
were fixed rather than tuned. A tuned classifier might achieve
marginally higher accuracy but would not change which genes
the ranking selects.

Selection stability was assessed under two importance mea-
sures, both derived from a random forest. The permutation-
importance run used 30 rather than 60 resamples and per-
muted a 500-gene pool rather than the full transcriptome, so
it is a sensitivity check rather than an exact replicate. Ap-
proaches operating on different principles — stability selec-
tion19, elastic-net regularization, ensemble feature selection
— were not tested and might yield a more stable core!!.

The accuracy attainable from the stable core alone was not
measured, so the proportion of classification performance at-
tributable to reproducibly selected genes remains unquanti-
fied.

External evaluation covers four of the five classes, since CP-
TAC has no prostate cohort; prostate transfer is not assessed
in this cohort, and the earlier cross-platform test described
in section “Transfer to an Independent Cohort Depends En-
tirely on Normalization” failed for reasons of scale and plat-
form. Transfer is also conditional on batch normalization, as
section “Transfer to an Independent Cohort Depends Entirely
on Normalization” documents, so the generalizability claim is
bounded by the availability of a target batch.

The external cohort tests prediction transfer of a frozen
panel, not independent rediscovery. A full reproducibility
analysis, in which the complete selection pipeline is run in-
dependently in an external cohort and gene membership com-
pared against the TCGA panel, was outside the scope of this
study and is the strongest single extension of it.

Finally, several panel genes peak in a tumor type without
being established markers for it, and only a single expression
modality was used.

Recommendations and Closing Thought

Two recommendations follow. Studies reporting a compact
panel should report its selection frequency across resamples
alongside its accuracy; the analysis is inexpensive and changes
what the panel can honestly be claimed to be. And studies
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proposing frozen signatures should state the normalization re-
quired for transfer, since one that succeeds only when the tar-
get batch is available in advance has not been shown to work
prospectively.

A compact RNA-seq panel separates five tumor types at
near-ceiling accuracy and transfers to an independent consor-
tium at 97.7% under batch normalization, yet only fourteen of
its seventy-five genes survive resampling, its top-ranked gene
appears in fewer than half of them, and a highly reproducibly
selected gene, NAPSA, was not in the reported panel. High
classification accuracy did not imply a stable gene signature.
The reproducible objects here are the classification task, the
accuracy, and a small stable core — not the specific gene list,
and not even the size of that list. Whether a published panel is
the stable kind is not visible from its accuracy, and the analy-
sis needed to find out is short enough that there is little reason
to leave it out.
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