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Abstract

Prognostic transcriptomic signatures are commonly evaluated in
bulk tumour tissue, where measured expression reflects malignant
cells together with stromal and immune compartments. Tumour
purity may therefore be associated with both a signature score and
survival, complicating the interpretation of an unadjusted prog-
nostic coefficient. We conducted a pan-cancer audit of published
prognostic transcriptomic signatures across 12 The Cancer Genome
Atlas (TCGA) cohorts, examining how purity adjustment changes
their associations with overall survival. The inventory comprised
54 eligible published signatures, six reference gene sets, and two
additional published signatures excluded for insufficient gene cov-
erage. One included ovarian IncRNA signature could not be scored
in its intended cohort because a component gene had zero variance,
yielding 53 published signatures and six reference sets (59 distinct
scored sets) across 129 signature—cohort pairs. The primary analysis
included 5,417 patients and 1,939 deaths. After false-discovery-rate
correction, 97 of 129 pairs showed an association between signa-
ture score and ABSOLUTE purity. The median absolute coefficient
change after purity adjustment was 0.022; four pairs were classi-
fied as attenuated, 13 as amplified, and 112 as not distinguishable
from zero. All four attenuated pairs were reference sets rather than
published prognostic signatures. The magnitude and classification
of coefficient changes varied across purity estimators, highlighting
the importance of estimator choice when evaluating prognostic
transcriptomic signatures. These findings describe conditional as-
sociations and do not imply a causal effect of tumour purity.
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1 Introduction

Gene-expression signatures are widely used to summarise tumour
biology and stratify patients by prognosis. Many such signatures are
developed from bulk tumour transcriptomes and are subsequently
interpreted as measurements of malignant-cell programmes. Bulk
expression, however, is a mixture: the observed profile reflects

malignant cells, immune infiltrates, fibroblasts, vascular cells, and
other non-malignant components. The relative abundance of these
compartments varies across samples and cancer types. A signature
can therefore capture a combination of tumour-cell-intrinsic biol-
ogy and microenvironmental composition, even when its original
biological interpretation is narrower.

Tumour purity provides one summary of this mixture. DNA-
based approaches such as ABSOLUTE estimate the fraction of
malignant cells from somatic copy-number information, while
expression-based approaches such as ESTIMATE infer tumour pu-
rity and stromal or immune admixture from transcriptomic pro-
files. Other tools estimate cellular fractions through deconvolution.
These approaches do not measure exactly the same construct and
can disagree across cohorts and methods [1-3, 9, 72, 75, 81, 101].
Pan-cancer studies have characterised the immune landscape of
tumours and related immune and stromal estimates to clinical out-
comes and mutation profiles [6, 34, 43, 86]. The resulting estimates
are useful, but they are not interchangeable measurements of a
single error-free quantity.

The prognostic relevance of the tumour microenvironment is
well established. Stromal expression has been associated with out-
come in breast, colorectal, and pancreatic cancers, and fibroblast-
related programmes can dominate scores that were intended to
represent cancer-cell-intrinsic properties [8, 25, 31, 53, 56, 70, 71].
Immune and stromal signals may themselves be biologically mean-
ingful rather than mere nuisance variation. Conversely, a signature
derived from bulk expression may partly reflect the abundance of
non-malignant cells, and its apparent prognostic association may
change after adjustment for purity. The distinction is important
because the coefficient of a signature in a multivariable survival
model is not a direct measure of biological causation.

Published prognostic signatures also vary in their derivation
cohorts, scoring rules, gene coverage, and validation strategies.
Random gene sets can show apparent associations with outcome,
and different signatures can yield similar predictions despite limited
gene overlap. Proliferation-related genes can account for substan-
tial prognostic signal, while test-set bias and incomplete external
validation can limit reproducibility [20, 26, 28, 39, 73, 80, 85, 88, 92].
More recent work has compared hypoxia signatures and transcrip-
tomic tumour-infiltrating-lymphocyte signatures across cancers
[24, 42]. A recent preprint benchmarks published triple-negative
breast-cancer signatures, an external-validation study examines
prognostic signatures in head and neck cancer, and a pan-cancer
stromal activity score illustrates the intended prognostic use of



microenvironmental measures [23, 32, 82]. These observations mo-
tivate a systematic comparison in which signature scoring, cohort
membership, and purity adjustment are made explicit.

We conducted a pan-cancer audit across 12 TCGA cohorts to
examine whether the association between published prognostic
transcriptomic signatures and overall survival changes when tu-
mour purity is added to the Cox model, whether these changes
exceed those observed for expression-matched random gene sets,
and whether conclusions depend on the purity estimator, scoring
method, cohort, or signature category. The estimand is associa-
tional: a movement of a coefficient towards zero after adding purity
does not establish that purity is a confounder or that a signature is
biologically invalid. Adjustment may remove confounding, block
a pathway, or alter a conditional hazard ratio for mathematical
reasons unrelated to confounding [37, 41, 77, 91].

2 Background and Related Work

2.1 Purity estimation and bulk-expression
mixtures

ABSOLUTE estimates tumour purity from allele-specific copy-
number data and was used as the primary estimator in this study
[9]. Expression-derived approaches include ESTIMATE, which
infers stromal and immune components from gene-expression
signatures [101], and methods such as xCell that estimate the
abundance of multiple cell types [1]. Comparative evaluations of
deconvolution methods have shown that estimates depend on the
method and the reference profiles used [3, 81]. A purity measure
derived from the same expression matrix as a signature also raises
a circularity concern: the signature and purity score may share
genes by construction. ABSOLUTE avoids this particular source of
direct gene overlap, although it remains subject to measurement
error and quality-control decisions.

2.2 Microenvironmental signal in prognostic
signatures

Stromal gene-expression programmes predict outcome in several
tumour types [8, 31, 70]; immune infiltration and cell-type com-
position are likewise associated with prognosis across cancers
[33, 34, 43, 86]. Tumour-associated fibroblasts and immune popu-
lations can contribute strongly to bulk expression, while cancer-
cell-specific signature construction has been proposed to reduce
this dependence [25, 53, 56, 71, 76]. Purity-associated genes have
also been proposed as prognostic markers in glioma, hepatocellular
carcinoma, and diffuse large B-cell lymphoma [67, 100, 105, 113].
In this study, purity is treated as a covariate for examining how
the association of other signatures with survival changes, not as a
causal exposure.

2.3 Signature evaluation and statistical
interpretation

Random gene sets can be associated with survival even when they
lack a coherent biological interpretation [88]. Published signatures
may overlap little yet show similar prognostic performance, and
repeated evaluation on development data can produce optimistic
estimates [28, 39, 73]. Reviews of prognostic microarray studies
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have emphasised the need for careful validation and transparent
reporting [26, 69, 85]. The present audit follows the reporting logic
of REMARK, with STROBE and selected TRIPOD+AI items as com-
plementary checks [18, 68, 89]. The interpretation of adjusted co-
efficients is informed by work on confounding, overadjustment,
hazard-ratio non-collapsibility, and the interpretation of coefficients
in multivariable models [37, 41, 77, 91].

3 Materials and Methods
3.1 Study design and reporting framework

We conducted an observational, retrospective evaluation of pub-
lished prognostic gene-expression signatures in public TCGA co-
horts. The primary analysis (C1) used ABSOLUTE purity. Four
sensitivity settings varied the purity estimator, scoring procedure,
or clinical covariate set. The analysis was specified before outcome
modelling and followed the REMARK reporting framework, sup-
plemented by STROBE and selected TRIPOD+AI items [18, 68, 89].
Figure 1 summarises the study design.

3.2 Data sources, cohorts, and patient selection

Overall-survival data were obtained from the TCGA Pan-Cancer
Clinical Data Resource [64], RNA-sequencing expression from the
UCSC Xena Genomic Data Commons hub [35, 38], and ABSOLUTE
purity calls from the Pan-Cancer Atlas resource [9]. Expression
values are described as log(TPM+1) with GENCODE v36 anno-
tation. Patient records were linked across sources using the first
12 characters of the TCGA barcode. Consensus purity estimates
attributed to Aran and colleagues and ESTIMATE purity values
were used in sensitivity analyses [2, 101].

Twelve cohorts were included: lung adenocarcinoma (LUAD),
lung squamous cell carcinoma (LUSC), head and neck squamous cell
carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC), blad-
der urothelial carcinoma (BLCA), liver hepatocellular carcinoma
(LIHC), breast invasive carcinoma (BRCA), stomach adenocarci-
noma (STAD), skin cutaneous melanoma (SKCM), ovarian serous
cystadenocarcinoma (OV), lower-grade glioma (LGG), and glioblas-
toma (GBM). A patient entered a signature—cohort analysis set
when overall-survival time and status, RNA-sequencing expression,
ABSOLUTE purity, and the covariates retained for that cohort were
available.

The twelve cohorts comprised 6,588 TCGA-CDR records; 6,488
had eligible overall-survival information, 5,642 had expression, AB-
SOLUTE purity, and survival time, and 5,417 complete cases entered
the primary analysis, including 1,939 deaths. Figure 2 presents the
patient-selection flow and cohort-level record counts. Cohort char-
acteristics are summarised in Table 1. Follow-up is described as a
reverse Kaplan—Meier estimate. Stage is not available for OV, LGG,
and GBM. Sex is omitted from BRCA and OV models because one
sex contributed fewer than ten events in each cohort.

3.3 Gene-set inventory and scoring

The inventory comprised group A (published, cancer-specific prog-
nostic signatures) and group B (reference gene sets). Group-A sig-
natures were applied only to the cancer type or types for which
they were developed; glioma signatures were applied in both LGG
and GBM. The inventory included 54 group-A signatures and six
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Figure 1: Study workflow. Twelve TCGA cohorts provide survival, expression, and purity data. Fifty-three published signatures
and six reference sets are scored across 129 signature—cohort pairs. Four nested Cox models estimate the change in the signature
coefficient, the attenuation index, and the retained likelihood-ratio fraction.

Clinical Data Resource records, 12 TCGA cancer types
n = 6,588

[Excluded: overall survival redacted or missing
|n =100

Eligible: overall survival recorded and not redacted
n = 6,488

Excluded: no RNA-seq sample, or no ABSOLUTE

purity, or no usable survival time
n = 846

{ Expression, ABSOLUTE purity and survival time all available

n = 5,642

|

(covariates retained per cohort)
n =225

Excluded: age, sex or stage missing

{ Primary analysis set (setting C1): complete cases for covariates

n = 5,417, events = 1,939

Cohort Records Eligible Jointset Clset Cl1 events
LUAD 522 513 495 477 169
LUSC 504 498 487 477 207
HNSC 528 527 506 432 182
KIRC 537 537 498 495 167
BLCA 412 408 393 391 170
LIHC 377 375 356 332 111
BRCA 1,097 1,091 1,043 1,020 133
STAD 443 437 394 367 142
SKCM 470 455 443 399 186
ov 587 538 375 375 233
LGG 515 514 507 507 125
GBM 596 595 145 145 114
Total 6,588 6,488 5,642 5,417 1,939

Figure 2: Patient selection. The flow diagram shows the cohort-level transition from 6,588 TCGA-CDR records to 5,417 complete

cases in the primary analysis, including 1,939 deaths.

group-B reference sets. Two additional group-A signatures were
excluded because their gene coverage did not meet the scoring rule
[52, 98]. One included necroptosis-related IncRNA signature could
not be scored in OV because one component gene had zero variance
in that cohort. Thus, 53 published signatures and six reference sets
were scored, yielding 59 distinct scored sets.

The group-A category counts are: immune (8), stromal/EMT/CAF
(7), proliferation/cell cycle (6), hypoxia (7), ferroptosis/cell death (4),
DNA repair/genomic instability (7), metabolism (9), IncRNA/non-
coding (3), and other (3). The corresponding cited source papers
are immune [14, 17, 45, 63, 78, 79, 95, 102]; stromal/EMT/CAF [10,
12, 57, 66, 74, 94, 97]; proliferation/cell cycle [46, 49, 51, 87, 99, 107];

hypoxia [15, 29, 44, 50, 62, 84, 93]; ferroptosis/cell death [13, 83, 104,
111]; DNA repair/genomic instability [11, 30, 48, 59, 60, 65, 103];
metabolism [40, 54, 55, 58, 61, 106, 112, 114, 115]; IncRNA/non-
coding [96, 108, 109]; and other [16, 90, 110].

Group B comprises the ESTIMATE immune and stromal lists
[101], the tumour inflammation signature with 18 genes (TIS18)
[21, 22], the ten-gene cytotoxic set [21], the 31-gene cell-cycle pro-
gression score (ccp31) [20], and the top 15 genes of the Buffa hypoxia
metagene [7]. The two coverage-excluded sources are [52, 98]. Ta-
ble 2 reconciles category counts and pair counts. A full citation-level
inventory and provenance status are provided in the supplementary
audit file.
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Table 1: Characteristics of the primary analysis set in each of the 12 cohorts. Follow-up is the reverse Kaplan—-Meier estimate.
Age and ABSOLUTE purity are median (Q1, Q3). Stage percentages refer to patients with recorded AJCC stage; stage was
unavailable for OV, LGG, and GBM. Pairs A/B are published signatures/reference sets.

Cohort Patients Deaths Follow-up (y) Age (y)

Female (%) StageI-II/III/IV (%) ABSOLUTE purity Pairs A/B

LUAD 477 169 23 66 (59, 73)
LUSC 477 207 3.0 68(62,73)
HNSC 432 182 2.8 61 (53, 68)
KIRC 495 167 45 61(52,70)
BLCA 391 170 2.4 69 (60, 76)
LIHC 332 111 2.1 61(51,68)
BRCA 1,020 133 25 58 (49, 67)
STAD 367 142 1.9 67(58,72)
SKCM 399 186 5.9 60 (48, 71)
ov 375 233 6.5 58 (51, 68)
LGG 507 125 23 41(32,53)
GBM 145 114 2.6 62 (53, 70)

54 79/16/5 0.45 (0.32, 0.58) 7/6
26 81/17/1 0.50 (0.36, 0.65) 2/6
27 22/19/60 0.49 (0.37, 0.63) 3/6
36 60/24/15 0.56 (0.4, 0.65) 4/6
26 33/35/32 0.61 (0.42, 0.80) 5/6
31 75/23/1 0.73 (0.55, 0.84) 8/6
99 75/24/2 0.59 (0.45, 0.74) 5/6
36 46 /44 /10 0.52 (0.34, 0.65) 4/6
38 54/41/5 0.71 (0.50, 0.85) 2/6
100 NA 0.81 (0.70, 0.89) 3/6
44 NA 0.75 (0.61, 0.84) 6/6
35 NA 0.80 (0.65, 0.88) 8/6

Weighted signatures were scored using the published linear pre-
dictor, requiring every gene in the model to be present. Unweighted
sets were scored as the mean of within-cohort gene z-scores and
required at least 80% gene coverage. Scores were standardised to
unit standard deviation within each cohort, so hazard ratios repre-
sent a one-standard-deviation score difference and are not directly
comparable as effect sizes across cohorts. The alternative scoring
setting used single-sample gene-set enrichment for unweighted sets
and a weighted sum of within-cohort z-scored genes for weighted
signatures [4, 47]. Gene symbols and coefficients were checked
against the corresponding source publications.

3.4 Purity estimators and Cox models

For each signature-cohort pair, we fitted four nested Cox
proportional-hazards models with Efron handling of ties [19, 27].
Let Z denote the retained clinical covariates, P the purity estimate,
and S the standardised signature score. The full model is

h(t| Z,P,S) = hy(t) exp{y*Z + 6P + BS}. (1)

Model M0 contains clinical covariates only; M1 adds the signature
score; M2 adds purity; and M3 contains both purity and the sig-
nature score. All models for a given pair were fitted to the same
analysis set. The covariates are age at diagnosis per ten years, sex,
and AJCC stage I-IV where available. Sex is omitted for BRCA and
OV because one sex contributed fewer than ten events. Stage is
unavailable for OV, LGG, and GBM.

3.5 Estimands and classification

The primary estimand is the change in the signature coefficient
after adding purity:

A=p - P, @)
where f; is the signature coefficient in M1 and f; is the coefficient
in M3. Positive A means the coefficient is larger after adjustment.
Because the same change has different interpretations for protective
and harmful signatures, we define an attenuation index

A = —sign(f)A, (3)

so A > 0 indicates movement towards zero and A < 0 movement
away from zero. A third estimand is the retained likelihood-ratio
fraction

_ LR(S | M2) 4

~ LR(S | Mo)’ “)
where LR(S | M) is the likelihood-ratio statistic for adding the
signature to model M. We interpret F only when the unadjusted
likelihood-ratio statistic exceeds 3.841, the 5% chi-squared critical
value with one degree of freedom; this condition holds for 74 of
129 pairs.

A pair is classified as attenuated when the bootstrap interval of

A is entirely positive, amplified when it is entirely negative, and
not distinguishable otherwise. A signature association is called
largely retained when the BH-adjusted P value for f; is below 0.05
and F > 0.5. Benjamini-Hochberg correction is applied in three
families per setting: score—purity association, unadjusted signature
coefficient, and adjusted signature coefficient [5]. These categories
are descriptive; they do not identify causal confounding.

3.6 Expression-matched random-signature null

For every signature—cohort pair, we generated 1,000 random gene
sets matched to the signature size and mean expression within ten
expression-level strata. Each random set is scored and analysed
using the same models, producing reference distributions for A
and the hazard ratio. The observed coefficient change is compared
with these distributions. The random-set comparison serves as a
calibration device rather than a causal test.

3.7 Sensitivity settings

The primary setting C1 uses ABSOLUTE purity and the primary
scoring method. Four sensitivity settings are described: C2 replaces
ABSOLUTE with consensus purity estimates (CPE); C3 uses ES-
TIMATE purity; C4 uses the alternative scoring method; and C5
adjusts for age and sex only, omitting stage to retain patients with
missing stage. Sensitivity settings C2—C5 used 200 bootstrap repli-
cates. C2 includes 119 pairs because STAD has no CPE value; C3
and C4 include 129 pairs; C5 includes 94 pairs because it differs
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Table 2: Gene sets by biological category. Group A counts included published signatures; group B counts reference sets. The last
row gives the two additional published signatures excluded for insufficient coverage.

Category Group A Group B  Signature—cohort pairs
Immune 8 3 44
Stromal, EMT and CAF 7 1 19
Proliferation and cell cycle 6 1 19
Hypoxia 7 1 21
Ferroptosis and cell death 4 0 4
DNA repair and genomic instability 7 0 8
Metabolism 9 0 9
IncRNA and non-coding 3 0 2
Other 3 0 3
Not scored (gene coverage) 2 0 0
Included totals (excluding coverage-excluded row) 54 6 129

from C1 only in cohorts with a stage variable. In C3, 38 pairs are
flagged as circular because the immune or stromal signature genes
overlap with genes used by ESTIMATE.

3.8 Diagnostics and synthesis

We assessed proportional-hazards assumptions using scaled
Schoenfeld residuals [36], evaluated non-linearity with spline
checks, tested signature-by-purity interactions, inspected martin-
gale residuals, summarised results by purity tertile, and calculated
five-year restricted mean survival time (RMST) contrasts for
flagged pairs. Sensitivity analyses are also described for zero
overall-survival times and for ABSOLUTE calls without quality
flags. Ten signatures scored in at least two cohorts (six reference
sets across twelve cohorts and four glioma signatures across LGG
and GBM) were pooled using a DerSimonian-Laird random-effects
meta-analysis with Hartung-Knapp intervals. Category effects
were summarised using a restricted maximum-likelihood mixed
model with a random intercept for signature.

3.9 Signature provenance and TCGA overlap

The inventory contained 62 entries: 54 included published signa-
tures, six reference sets, and two published signatures excluded for
insufficient gene coverage. At the signature level, 52 entries over-
lapped TCGA training samples, eight did not, one partly overlapped,
and one had unknown overlap status. At the pair level, 73 of 129
C1 pairs were classified as overlapping and 43 as non-overlapping,
leaving 13 pairs without an explicit pair-level overlap classification.
These 13 pairs were retained as unassigned rather than allocated
to an overlap category.

A targeted bibliographic review examined recent 2025-2026
references. Publication records and DOI metadata were checked
for the recent references listed in the supplementary audit. Several
publications used the same TCGA cohort as the present analysis,
including the 2026 ovarian p-EMT signature in TCGA-OV, the
gastric ferroptosis/ER-stress signature in TCGA-STAD, the bladder
amino-acid-metabolism signature in TCGA-BLCA, and the LUAD
galactose-metabolism signature in TCGA-LUAD. One 2026 four-
gene glioma cell-cycle study used CGGA mRNAseq cohorts rather

than TCGA and was not classified as direct TCGA overlap based
on its reported data sources.

4 Results

4.1 Cohorts and signature inventory

The primary analysis included 5,417 complete cases and 1,939 deaths
across the twelve cohorts (Table 1, Figure 2). Cohort sizes range from
145 patients in GBM to 1,020 in BRCA. The number of published-
signature pairs per cohort ranges from two in LUSC and SKCM to
eight in LIHC and GBM; each cohort also contributes six reference-
set pairs.

The signature inventory contains 54 included published signa-
tures and six reference sets, with two additional published signa-
tures excluded for insufficient gene coverage. One included ovarian
necroptosis-related IncRNA signature was not scored in OV be-
cause one component gene had zero variance. Overall, 53 published
signatures and six reference sets were scored (59 distinct scored
sets). The pair counts in Table 2 sum to 129. Table 1 reports 57
group-A pairs and 72 group-B pairs across cohorts, also summing
to 129.

4.2 Association between signature scores and
purity

Signature scores were associated with ABSOLUTE purity after
BH correction in 97 of 129 pairs. The median absolute Pearson
correlation was 0.28; 63 pairs had |r| > 0.30, and correlations ranged
from —0.69 to 0.57. Immune and stromal signatures showed the
strongest negative correlations with purity (median r = —0.47
and r = —0.46, respectively). Proliferation signatures showed a
weak positive median correlation (r = 0.16), while the median
correlations for hypoxia, ferroptosis, DNA repair, and metabolism
categories were within 0.08 of zero.

4.3 Change in the prognostic coefficient after
purity adjustment

The median unadjusted hazard ratio was 1.24 per standard deviation
of the signature score. The BH-adjusted P value for the signature
coefficient was below 0.05 in 71 of 129 pairs in M1 and in 71 pairs in



M3; 68 pairs were significant in both. Three pairs were significant
only in M1 and three only in M3. Seventy-one pairs met the source
definition of a largely retained association, although two had no
interpretable retained fraction because the unadjusted likelihood-
ratio statistic did not exceed the stated threshold.

The coeflicient change was small for most pairs. The median A
was 0.003, median |A| was 0.022, the largest |A| was 0.172, and the
median attenuation index was —0.006. Based on the bootstrap inter-
vals, four pairs were attenuated, 13 were amplified, and 112 were
not distinguishable from zero (Figure 3, Table 3). All four attenuated
pairs were group-B reference sets: the SKCM ESTIMATE stromal set,
LUAD TIS18, SKCM Buffa hypoxial5, and SKCM ccp31. No group-A
published prognostic signature was classified as attenuated.

The 13 amplified pairs comprised seven group-A signatures
and six group-B sets. The group-A examples are the LUAD
DNA-damage-response checkpoint signature, LUAD extracellular-
matrix signature, OV partial.lEMT signature, OV oxidative-
phosphorylation signature, LIHC inflammatory signature, LIHC
hypoxia signature, and GBM mitotic four-gene signature. Eleven
of the 13 amplified pairs had negative score—purity correlations.
Several had unadjusted coefficients close to zero that increased after
adjustment; the reported KIRC TIS18 hazard ratio, for example,
changed from 0.90 to 0.79.

4.4 Comparison with expression-matched
random gene sets

Observed attenuation exceeded the upper tail of the expression-
matched random-set distribution at nominal P < 0.05 in 15 pairs
and in 10 pairs after BH correction. All ten corrected pairs were
group-B immune or stromal reference sets: ESTIMATE stromal in
LUAD, HNSC, and SKCM; ESTIMATE immune in LUAD, BLCA, and
STAD; TIS18 in LUAD and LIHC; and cytotoxic10 in LUAD and OV.
No group-A published signature exceeded the random reference
after correction. Among 25 pairs using purity-linked control sets,
nine exceeded the reference at nominal P < 0.05, compared with
six of the other 104 pairs. The observed A lay outside the central
95% interval of the random-set changes in 50 of 129 pairs (27 above
and 23 below), including amplification as well as attenuation.

4.5 Dependence on purity estimator and scoring
method

The unadjusted coefficient f; was stable across settings, with Spear-
man correlations against C1 of 0.996 for CPE, 0.995 for ESTIMATE,
0.963 for alternative scoring, and 0.985 for age-and-sex-only adjust-
ment. The coefficient change A was less stable: correlations with
C1 were 0.73, 0.56, 0.84, and 0.93, respectively. Class agreement
was 0.87, 0.76, 0.93, and 0.93, with Cohen’s k values of 0.54, 0.14,
0.71, and 0.72. The class differed among the three purity estimators
in 37 of 129 pairs. Table 4 and Figure 4 summarise the sensitivity
analyses.

Median within-cohort Spearman correlations were 0.76 between
ABSOLUTE and CPE (range 0.41-0.83 across 11 cohorts), 0.67 be-
tween ABSOLUTE and ESTIMATE (0.36-0.79 across 12 cohorts),
and 0.82 between CPE and ESTIMATE (0.69-0.92 across 11 cohorts).
In C3, 38 pairs use immune (32) or stromal (six) signatures that
share genes with ESTIMATE purity. Among these 38 pairs, three
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were attenuated, four amplified, and 31 not distinguishable; among
the other 91 pairs, the corresponding counts were nine, eight, and
74. The number of attenuated pairs was 10 in C2, 12 in C3, three in
C4, and eight in C5, compared with four in C1.

4.6 Category-level results and heterogeneity

Table 5 summarises the category-level results. Immune and stro-
mal signatures showed the strongest correlations with purity and
accounted for most pairs whose attenuation exceeded the random
reference. Thirteen of 44 immune pairs and 10 of 19 stromal pairs
had significant unadjusted hazard ratios. All seven DNA-repair
pairs and all nine metabolism pairs that were significant in M1
remained significant in M3. The ferroptosis (four pairs), IncRNA
(two pairs), and other (three pairs) categories were considered too
small for category-level conclusions.

For the six reference sets scored across all twelve cohorts, the
sign of the unadjusted coefficient was shared by nine of twelve
cohorts for TIS18, ccp31, cytotoxic10, and Buffa hypoxial5; eight
cohorts for ESTIMATE stromal; and seven for ESTIMATE immune.
The attenuation-index range across cohorts was 0.11 for Buffa hy-
poxial5 and 0.27 for ESTIMATE immune. SKCM contributed three
of the four attenuated pairs, while KIRC and OV contributed most
amplified pairs. OV had the highest median purity (0.81) and the
narrowest interquartile range (0.19).

The random-effects meta-analysis of A for the ten sets scored
in at least two cohorts yielded no pooled interval excluding zero
under either Wald or Hartung—Knapp intervals. The median I? was
25%, and no Cochran Q test was below 0.05. In the category mixed
model, the omnibus test of category differences had likelihood-ratio
statistic 1.76 on eight degrees of freedom (P = 0.99). Eight of nine
category means were below zero; only the proliferation category
had an interval excluding zero (mean A = —0.021, 95% CI —0.041
to —0.002), without correction for nine categories. The estimated
signature variance was at the boundary of the parameter space.

4.7 Diagnostics, quality filters, and
training-data overlap

The Grambsch-Therneau proportional-hazards test flagged 12 of
129 pairs, close to the 13 expected by chance among 258 tests. For
these pairs, the five-year RMST difference between patients above
and below the cohort median was negative with an interval ex-
cluding zero in eight pairs and including zero in four. The largest
reported differences were for the LGG DNA-damage-response sig-
nature (—438 days, 95% CI —548 to —328) and the LIHC inflammatory
signature (—268 days, 95% CI —437 to —99). The signature-by-purity
interaction test was below 0.05 in seven of 129 pairs, and the spline
test for non-linearity in purity was below 0.05 in nine pairs.

Excluding patients with overall-survival time equal to zero left
the sign of f; unchanged in all 129 pairs; the largest change in
A was 0.002 and the largest absolute change was 0.088, with all
such changes inside the primary bootstrap intervals. Restricting
ABSOLUTE calls to those without quality flags removed zero to
169 patients and changed 110 pairs. The sign of f; changed in three
pairs (LUSC cytotoxic10, LUSC Buffa hypoxia, and OV ccp31), each
with an unadjusted coefficient close to zero; the median change in
A was 0.004.
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(c) Signature-cohort pairs ranked by attenuation index (n = 129)

@ Attenuated (n = 4)
@® Amplified (n = 13)

® Not distinguishable from zero (n = 112)
@ Published signature (group A)

@ Reference set (group B)
O Purity-linked control (hollow)

Figure 3: Primary-setting coefficient comparisons. Panel (a) plots the adjusted log hazard ratio against the unadjusted log hazard
ratio; panel (b) plots the coefficient change and its 95% bootstrap interval; panel (c) ranks the 129 pairs by attenuation index.

Table 3: The four pairs classified as attenuated in C1. HR1 and HR2 are hazard ratios per standard deviation before and after
purity adjustment. Coefficient changes have 95% bootstrap intervals. C2-C4 classes are the sensitivity classifications.

HR2 (95% CI)

A (95% bootstrap CI) A C2 C3 C4

Pair Patients r HR1 (95% CI)
SKCM, ESTIMATE stromal 399 —0.46  0.81(0.70, 0.94)
LUAD, TIS18 immune 477 —0.53 0.91(0.78, 1.06)
SKCM, Buffa hypoxial5 399 0.23  1.10(0.93, 1.30)
SKCM, ccp31 (31 genes) 399 020 1.18(1.00, 1.38)

0.90 (0.76, 1.07)
1.01 (0.85, 1.19)
1.03 (0.87, 1.22)
1.13 (0.96, 1.32)

0.103 (0.008, 0.205)
0.096 (0.004, 0.203)
—0.064 (—0.120, —0.019)
~0.042 (—0.092, —0.006)

0.103 Att. Att.  Att.
0.096 N.d. Nd. Nd.
0.064 Att. Att. Att.
0.042 Att. Att. Att.

Of the 62 inventory entries, 52 overlapped with TCGA samples,
eight were non-overlapping, one partly overlapped, and one had un-
known overlap status. In C1, 73 pairs were labelled as overlapping
and 43 as non-overlapping. These pair counts sum to 116, leaving
13 of the 129 pairs without an explicit pair-level overlap category.

Overlap is also associated with signature group because the refer-
ence sets were defined independently of TCGA outcomes and the
non-overlapping sets are mainly group-B controls. The unclassified
pairs are therefore retained as unassigned in the overlap summary.
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Table 4: Classification of coefficient change in the primary and four sensitivity settings. C2-C5 use 200 bootstrap replicates.

Setting Pairs Bootstrap B Attenuated Amplified Notdist. Median |r| Spearman Agreement Kappa
C1, ABSOLUTE purity, primary score 129 1,000 4 13 112 0.28 - - -
C2, CPE purity 119 200 10 13 96 0.36 0.73 0.87 0.54
C3, ESTIMATE purity 129 200 12 12 105 0.43 0.56 0.76 0.14
C4, Alternative scoring 129 200 3 15 111 0.30 0.84 0.93 0.71
C5, Age and sex only 94 200 8 78 0.31 0.93 0.93 0.72

a CPE purity (C2)

b ESTIMATE purity (C3)

¢ Alternative scoring (C4)

d Age and sex only (C5)
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Figure 4: Sensitivity of coefficient change to purity estimator and scoring. Panels (a)-(d) compare C2-C5 with C1; panel (e)
shows within-cohort Spearman correlations between purity estimators.

5 Discussion

The results indicate that adding ABSOLUTE purity changed most
prognostic signature coefficients by an amount that the bootstrap
intervals could not distinguish from zero. The four pairs classi-
fied as attenuated were reference sets describing immune, stro-
mal, proliferative, or hypoxic programmes; none of the 53 scored
published signatures was among them. More pairs were amplified

than attenuated. This pattern is consistent with the possibility that
many published signatures retain prognostic associations beyond
a single scalar purity measure, but it does not establish that those
associations are tumour-cell intrinsic. Purity summarises the total
non-malignant fraction and does not resolve its cellular compo-
sition. A signature can therefore capture biologically meaningful
microenvironmental signal that is not removed by a single purity
covariate [25, 56, 71, 76].
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Table 5: Results by biological category in the primary setting. Median r is the median Pearson correlation between score and
ABSOLUTE purity. Significance columns count BH-adjusted P < 0.05 for the signature hazard ratio in M1 and M3. The last

column is the REML category mean of the attenuation index.

M3 sig.  Atten/amplif. Beyond null Mean attenuation index (95% CI)

Category Pairs Sets Medianr M1 sig.
Immune 44 11 —0.47 13
Stromal, EMT and CAF 19 8 —0.46 10
Proliferation and cell cycle 19 7 0.16 10
Hypoxia 21 8 —0.08 13
Ferroptosis and cell death 4 4 0.07 4
DNA repair and genomic instability 8 7 —0.04 7
Metabolism 9 9 -0.07 9
IncRNA and non-coding 2 2 -0.07 2
Other 3 3 0.29 3

14 1/4
8 1/4

7 —0.013 (—0.028, 0.002)
3 —0.012 (=0.034, 0.010)
10 1/2 0 —0.021 (—0.041, —0.002)
13 11 0 —0.004 (~0.024, 0.016)
4 0/0 0 —0.010 (=0.061, 0.040

0

0

0

0

0/1 —0.009 (—0.042, 0.025
—0.009 (—0.080, 0.062
0.000 (—0.058, 0.058)

)
01 —0.022 (—0.057, 0.014)
)
)

0/0
0/0

w o o

The direction of coefficient change also requires care. The atten-
uation index changes sign according to the original coefficient, so
positive values indicate movement towards zero for both protective
and harmful signatures. A coefficient can move away from zero after
adjustment when the signature score and purity are correlated and
their outcome associations differ. Hazard ratios may also change
after adding covariates for reasons other than confounding, includ-
ing the conditional nature of the Cox model and non-collapsibility
[37, 41, 77, 91]. The terms attenuation and amplification in this
manuscript therefore describe statistical movement, not biological
mechanisms.

The random-set comparison provides an additional calibration.
The pairs exceeding the random-set reference after correction were
all immune or stromal reference sets, which are precisely the sets
most closely connected to the construction of expression-derived
purity measures. This supports caution when interpreting immune
and stromal controls, especially under ESTIMATE, where signature
genes and purity genes can overlap by design. The absence of a pub-
lished group-A signature among the corrected attenuated pairs does
not imply that published signatures are free of microenvironmental
influence.

The sensitivity results indicate that the coefficient change is less
stable than the unadjusted coefficient. The Spearman correlation
between C1 and ESTIMATE coefficient changes was 0.56, and class
agreement of 0.76 with kappa 0.14. Agreement among the purity
estimators is moderate. A conclusion based on one estimator may
therefore be fragile. The choice of purity measure should be re-
ported alongside the score, cohort, and model specification rather
than treated as a technical detail.

The category analysis does not support a general ranking of
biological signature classes by susceptibility to purity adjustment.
The omnibus category test was not significant, and the category
sizes for ferroptosis, IncRNA, and other signatures were small. The
category-level mixed model also estimated signature variance at
the boundary, limiting the separation of between-signature and
residual variation. Similarly, the lack of detected heterogeneity in
the random-effects meta-analysis does not prove that the cohorts
agree, particularly when only ten sets contribute repeated-cohort
information.

5.1 Study limitations

Several limitations should be considered. First, the analysis is ret-
rospective and based on TCGA cohorts. Fifty-two of the 62 inven-
tory entries overlapped with TCGA samples used for signature
derivation or evaluation; these results therefore do not constitute
independent external validation. Second, purity is a scalar estimate
and cannot represent all components of the tumour microenviron-
ment. Third, expression scales and gene annotations may differ
from those used in the original signature papers. The alternative
within-cohort scoring procedure was intended to reduce, but not
eliminate, this mismatch.

Fourth, the primary setting (C1) used 1,000 bootstrap replicates,
whereas sensitivity settings C2—-C5 used 200. The smaller number
of replicates in the sensitivity analyses may yield less stable interval
estimates and should be considered when comparing settings. Fifth,
73 overlapping and 43 non-overlapping pairs were classified at
the pair level, leaving 13 of 129 pairs without an explicit overlap
category. These pairs remain unassigned in the overlap summary.
Finally, the targeted bibliographic review verified publication and
DOI metadata for recent references and identified several instances
of TCGA cohort reuse; the pair-level overlap classifications should
therefore be interpreted alongside the unassigned cases described
above.

5.2 Implications for reporting

Future signature studies should report the unadjusted and purity-
adjusted hazard ratios together with uncertainty intervals, the exact
purity estimator, the scoring rule, the number of patients and events,
the gene coverage, and the overlap between the signature’s deriva-
tion data and the validation cohort. A random-set reference can
help distinguish a signature-specific coefficient change from the
changes expected for expression-matched gene sets, but it should
be treated as a calibration device rather than a causal test. Where
possible, analyses should use an independent validation cohort and
a purity estimator that does not reuse the expression features of the
signature. These reporting recommendations are consistent with
the broader emphasis on transparent prognostic-marker evaluation
and reproducibility [18, 26, 68, 69, 73, 85, 89].

6 Conclusion

This pan-cancer audit evaluated 129 signature—cohort pairs across
twelve TCGA cohorts. Purity adjustment generally produced small
coefficient changes: four pairs were attenuated, all belonging to



reference sets, while thirteen pairs were amplified. The magnitude
and classification of coefficient changes depended on the purity
estimator. These findings support reporting purity-adjusted and
unadjusted associations side by side, together with uncertainty in-
tervals and expression-matched random-set comparisons. They do
not establish a causal role for purity or for any individual signa-
ture. Overall, the results highlight the importance of considering
tumour purity when interpreting prognostic transcriptomic sig-
natures while recognising that a single purity covariate cannot
capture the full complexity of the tumour microenvironment.
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