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Abstract
Background

Bulk tumour-versus-normal breast transcriptomic classifiers commonly show high internal
discrimination, but a high area under the curve may reflect the biology of tissue contrast, cohort
construction or technical separation as much as a portable malignant-cell program. We asked whether a
pre-specified, interpretable score trained in one public cohort could retain rank discrimination in a locked
cohort while its underlying biology was examined in parallel.

Methods

Processed Affymetrix GPL570 data from GSE42568 were used for discovery and nested model
development. GSE7904 was held as an external cohort. Within-study normalization, probe-to-gene
collapse and gene intersection produced 22,737 shared genes. Differential expression and enrichment
were conducted. The elastic-net logistic score was the primary model; feature selection and tuning were
contained in discovery-cohort nested cross-validation.

Results

The discovery cohort had 1,213 upregulated and 1,369 downregulated genes at false-discovery rate <
0.05 and log2 fold change = 1. Of 2,582 discovery differentially expressed genes, 1,729 (67.0%) had a
concordant external direction; 563 met the stringent criterion with the same direction in both cohorts.
Cell-cycle/mitotic programmes dominated the upregulated signal, while PPAR, lipid-metabolism and
adipocyte-lipolysis terms dominated the downregulated signal. The 20-feature elastic-net score
produced a nested discovery AUC of 0.933 (95% CI 0.830—0.997) and a locked external AUC of 0.970
(95% CI 0.900-1.000). External basal-like and non-BLC AUCs were 0.968 and 0.986, respectively; the
BRCAT-associated subgroup was too small for credible estimation.

Conclusion

The score transports as a rank discriminator, but its uniformly negative coefficients and lipid/adipose-
associated features indicate that it likely captures loss of normal breast-tissue programmes in addition
to tumour biology. The evidence supports a contrast-aware transportability signal. Prospective cohorts
with representative benign controls, unified preprocessing and formal calibration assessment are
required in future works.

1. Introduction
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Breast cancer is not a single transcriptomic entity, rather a molecularly and biologically heterogeneous
disease. Its molecular state can be influenced by several factors, such as hormone receptor and HER2
status, underlying somatic drivers, patterns of copy-number variation, immune and stromal composition,
and prior or ongoing treatment exposure (Harbeck et al., 2019). This heterogeneity is clinically important
because the same expression pattern may mean different things in a resected tumour, a biopsy with
benign tissue, or a population-level screening sample (Sung et al., 2021; Waks & Winer, 2019). The
immediate attraction of a tumour-normal classifier is obvious, but its apparent accuracy is not
automatically a measure of diagnostic validity, prognosis, therapeutic benefit, or patient-level risk.

Foundational expression profiling showed why this distinction matters. Perou et al. (2000) used cDNA
microarrays to describe reproducible molecular portraits of breast tumours, and Sgrlie et al. (2001)
extended the approach by relating transcriptional subclasses to clinical outcome. Later integrated
datasets confirmed that intrinsic subtype, copy-number change, and microenvironmental programmes
coexist in the same specimen (Burstein et al., 2015; Cancer Genome Atlas Network, 2012; Curtis et al.,
2012; Lehmann et al., 2011). Thus, bulk transcriptomics remains highly informative, but it is not a pure
reading of malignant epithelial cells.

The clinical translation of breast-cancer expression signatures has followed a much more demanding
route than demonstrating a high classifier area under the curve. The early 70-gene studies by van 't Veer
et al. (2002) and van de Vijver et al. (2002), followed by the 21-gene assay work of Paik et al. (2004),
linked a defined assay to a prognostic construct. Prospective and prospective-retrospective programmes
then tested analytical performance, outcome association and treatment decision consequences (Bueno-
de-Mesquita et al., 2007; Cardoso et al., 2016; Goldstein et al., 2008; Kalinsky et al., 2021; Simon et al.,
20009; Sparano et al., 2015b; Sparano et al., 2018). Studies of late recurrence and formal biomarker-
validation frameworks further show that a multigene signal becomes clinically useful only after its
intended use, population, and decision context are fixed (Duffy et al., 2015; Hayes, 2015; Sestak & Cuzick,
2015; Sgroi et al., 2013).

A particular vulnerability of small, high-dimensional transcriptomic studies is that model development
can reuse the same limited information at several stages. Ambroise and McLachlan (2002)
demonstrated how selecting genes before performance estimation creates optimistic error rates, while
Varma and Simon (2006) showed that cross-validation used for both selection and evaluation can be
biased. More recent discussions of external validation make same point in a broader setting: a stable-
looking model may still fail when sampling, measurement or biological context changes (Ho et al., 2020).

Bulk expression is a mixture measurement. Changes in immune cells, fibroblasts, vascular cells and
adipose-rich normal tissue can alter gene abundance even when the transcriptional state of tumour cells
has not changed equivalently. Newman et al. (2015) introduced CIBERSORT to estimate leukocyte
fractions from bulk profiles; Aran et al. (2017) and Becht et al. (2016) later developed complementary
cell-enrichment and abundance-estimation strategies. Similarly, Yoshihara et al. (2013) used expression-
derived stromal and immune scores to characterise tumour purity and admixture.
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The present study tries to addresses this gap in a deliberately narrow public-data setting. GSE42568 was
used as the discovery cohort and GSE7904 as a locked external cohort, and normal-organelle samples
that were biologically non-comparable were removed prior to modeling. These GEO datasets and their
study context have been described previously (Clarke et al., 2013; Edgar et al., 2002; Richardson et al.,
2006). We examined gene-direction replication, direction-specific biology, external rank discrimination,
and the likely tissue provenance of final score features in parallel.

Our conceptual contribution is a contrast-aware transportability reading. Rather than treating an external
AUC as a complete validation result, it asks three linked questions: does the sample ranking transport,
does a non-model biological direction reproduce, and do the selected features have a plausible cellular
or tissue context? A fourth question then follows: does the evaluated contrast resemble the intended
clinical use? This is a conservative interpretive framework, and it aligns with the emphasis on
transparency, risk of bias, and applicability in prediction-model research (Collins et al., 2015; Wolff et al.,
2019).

2. Materials and Methods
2.1 Study design and cohorts

This was a secondary analysis of public, de-identified Gene Expression Omnibus datasets (Table 1).
GSE42568 was fixed as the discovery/training cohort (104 primary tumours and 17 normal-breast
samples), and GSE7904 was reserved as the locked external cohort (43 primary tumours and 7 eligible
normal-breast controls). Twelve GSE7904 specimens annotated as normal organelle were excluded
before model fitting because they are biologically non-comparable to normal breast. Both studies used
the Affymetrix Human Genome U133 Plus 2.0 platform (GPL570). GEO was established by Edgar et al.
(2002) as a public repository for the functional genomics data; the cohort-level source publications were
used to check study context (Clarke et al., 2013; Richardson et al., 2006).

Table 1

Eligible samples and analysis roles. The external cohort was not utilized for discovery-stage feature
selection, tuning, or model selection.

Cohort Role Tumours  Eligible Excluded Platform
normal
breast
GSE42568 Discovery / 104 17 0 GPL570
training
GSE7904 Locked 43 7 12 normal- GPL570
external test organelle
Combined Gene-direction 147 24 12 22,737
eligible analysis context shared genes

2.2 Preprocessing and quality assessment
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Series-matrix expression values were inspected for scale and processed within study. Probe identifiers
were mapped to gene symbols and multiple probes were collapsed by the median, yielding a common
22,737-gene matrix. We did not jointly normalise the cohorts or use cross-cohort batch correction for the
locked evaluation. This choice preserves the external-domain shift rather than allowing information from
the test cohort to reshape the training representation. Quantile normalisation was treated as a within-
cohort distributional procedure, not as raw-CEL RMA reprocessing. The rationale follows the array-
preprocessing work of Bolstad et al. (2003) and Irizarry et al. (2003); batch adjustment methods such as
ComBat are valuable for pooled inference but were not used to improve external test performance
(Johnson et al., 2007; Leek & Storey, 2007).

Sample-wise boxplots, within-study Pearson correlation heatmaps, and principal component analysis
(PCA) were examined prior to any cross-study batch adjustment as quality and domain-shift diagnostics.
Correlation heatmaps were not interpreted as a representation of gene networks, likewise, PCA was not
considered a biological separation analysis. Principal components provide a compact representation of
the dominant variance structure rather than a causal decomposition (Jolliffe & Cadima, 2016). The
study-level PCA therefore only indicates that the cohort origin remains a major source of variation.

2.3 Differential expression and enrichment

Within each cohort, Welch tests compared eligible tumours with eligible normal-breast controls. The
unequal-variance test was selected because the group sizes were strongly unbalanced (Welch, 1947).
Benjamini-Hochberg false-discovery adjustment was applied (Benjamini & Hochberg, 1995), and
exploratory differentially expressed genes were defined using adjusted P < 0.05 and |log2 fold change| =
1. Cross-cohort replication was summarised by unthresholded sign agreement, sign agreement among
discovery DEGs, and stringent two-cohort concordance. This was not a formal meta-analysis, and the
external cohort was not used to choose gene thresholds. The differential-expression framing is
consistent with established limma guidance for microarray-scale data (Ritchie et al., 2015).

Direction-specific gene lists were explored with Enrichr. Interpretation was organised using Gene
Ontology, KEGG and MSigDB resources. Gene Ontology was developed by Ashburner et al. (2000) to
standardise functional annotation, whereas Kanehisa and Goto (2000) established KEGG pathway maps.
Subramanian et al. (2005) introduced gene-set enrichment analysis; MSigDB collections were
subsequently expanded by Liberzon et al. (2011) and Liberzon et al. (2015). Enrichr and clusterProfiler
provide reproducible interfaces for such over-representation analyses (Kuleshov et al., 2016; Yu et al.,
2012). These analyses remain hypothesis-generating because enrichment may reflect changing cellular
composition as well as tumour-intrinsic transcription.

2.4 Model development and locked evaluation

The primary model was a logistic elastic-net score. In the discovery cohort, imputation, standardisation,
univariate feature filtering and hyperparameter choice were contained inside nested stratified cross-
validation. The final primary model used C = 0.01, I1 ratio = 0.25 and retained 20 features. Zou and Hastie
(2005) described the elastic-net penalty as a combined L1/L2 regulariser that can stabilise selection
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among correlated predictors. Standard logistic regression, radial-basis support-vector machine, random
forest, extra trees, gradient boosting and Gaussian naive Bayes were pre-specified sensitivity
architectures, following the corresponding algorithmic formulations (Breiman, 2001; Cortes & Vapnik,
1995; Friedman, 2001; Geurts et al., 2006; Hand & Yu, 2001). Containment of all learning steps was used
because feature selection performed before cross-validation can produce optimistic error estimates
(Ambroise & McLachlan, 2002; Varma & Simon, 2006).

The final discovery-fitted score was evaluated once in the locked cohort. ROC AUC and average precision
were estimated with 2,000 stratified bootstrap resamples. AUC summarises rank discrimination across
thresholds (Hanley & McNeil, 1982), whereas precision-recall plots can be especially sensitive to a case-
enriched sample fraction (Saito & Rehmsmeier, 2015); bootstrap resampling was used to represent
sampling uncertainty (Efron & Tibshirani, 1994). We did not report a clinical calibration curve, decision
curve, probability threshold, positive predictive value or screening sensitivity/specificity. The external
series is a retrospective, deliberately case-enriched cohort with 43 cases and 7 controls, so its observed
case fraction is not an intended-use prevalence. Reporting and bias considerations were guided by
TRIPOD, PROBAST and external-validation literature (Collins et al., 2015; Ho et al., 2020; Wolff et al.,
2019).

2.5 External subtype checks

The locked score was applied descriptively to basal-like (n = 18) and non-BLC (n = 21) external tumour
subsets using the same seven controls. Four BRCA1-associated tumours were available but were not
assigned a subgroup AUC. Subgroup confidence intervals are correlated because the normal controls
are shared. Figure 1 depicting the complete study design.

3. Results

3.1 Quality assessment shows within-study consistency
and cross-study separation of domains

The distributions of the processed probe-expression values were broadly comparable within each study,
although differences in their centers and spreads were observed (Fig. 2A). Principal components
computed prior to any batch correction revealed a strong separation between GSE42568 and GSE7904
(Fig. 2B). Such separation is expected for independently generated public cohorts and is not itself a
defect; however, it confirms that study origin is a transportability challenge. This is why the external data
were not pooled into discovery-stage preprocessing (Bolstad et al., 2003; Johnson et al., 2007; Leek &
Storey, 2007). The correlation structure within each study is reported in Supplementary Figures S1-S2.

3.2 Tumour-normal changes show partial cross-cohort
direction replication
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The discovery cohort produced 2,582 DEGs: 1,213 upregulated and 1,369 downregulated. Under the
same threshold, the external cohort produced 570 upregulated and 1,289 downregulated genes (Fig. 3;
Table 2). Across 22,875 discovery genes, 11,893 (52.0%) had the same unthresholded external direction.
Among the discovery DEGs, 1,729/2,582 (67.0%) had the same external direction; 563 met the stringent
criteria with concordant direction in both cohorts (162 upregulated and 401 downregulated). Across
22,586 finite paired fold changes, the unselected Pearson correlation was r = 0.268. Detailed results were
provided as supplementary file 1 and 2.

Table 2
Summary of the cross-cohort direction-replication study.
Measure Result Importance
Discovery DEGs 1,213 up; 1,369 down FDR<0.05 and log2FC =1
External DEGs 570 up; 1,289 down FDR<0.05 and log2FC =1
All-gene sign agreement 21,893)/ 22,875 Unthresholded direction comparison
52.0%
Discovery-DEG sign 1,729 / 2,582 (67.0%) Post hoc directional replication
agreement
Stringent concordant DEGs 563 (162 up; 401 Significant and same direction in both
down) cohorts
Unselected effect Pearsonr=0.268 22,586 paired finite fold changes
correlation

3.3 Directional biology is compatible with proliferation and
loss of normal metabolic tissue programmes

Discovery upregulated genes were enriched for mitotic sister-chromatid segregation (adjusted P = 1.90 x
10-7; odds ratio 8.86), mitotic spindle organisation (adjusted P = 1.90 x 10-7; odds ratio 10.71) and cell-
cycle terms. Downregulated genes were enriched for broad metabolism (adjusted P = 5.21 x 10-"7; odds
ratio 3.12), PPAR signalling (adjusted P =2.77 x 10-'3; odds ratio 16.33), regulation of lipolysis in
adipocytes (adjusted P = 1.40 x 10-8; odds ratio 14.54) and lipid metabolism. This directional pattern is
compatible with proliferating tumour tissue plus relative depletion of normal breast/adipose-associated
transcription (Becht et al., 2016; Keren et al., 2018; Newman et al., 2015; Stahl et al., 2016). Detailed
results were provided as supplementary file 3 and 4.

The observed biology fits a general cancer framework in which proliferative capacity, metabolic plasticity,
cellular differentiation and microenvironmental organisation all contribute to the bulk transcriptome
(Hanahan & Weinberg, 2011; Hanahan, 2022; Pavlova & Thompson, 2016). In the present contrast,
normal-tissue programmes may be as informative as tumour programmes.

3.4 The primary elastic-net score preserves rank
discrimination in the locked cohort
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The pre-specified 20-feature elastic-net model achieved a nested discovery AUC of 0.933 (95% CI 0.830-
0.997) and a locked external AUC of 0.970 (95% CI 0.900-1.000) (Table 3). External average precision
was 0.995 (95% Cl 0.982-1.000), but this is a rank-based metric in a case-enriched cohort (case fraction
0.86) and is not a clinical positive predictive value. Logistic regression showed external AUC 0.963 and
RBF SVM 0.970, whereas gradient boosting transported poorly (AUC 0.593) despite a strong nested
discovery AUC (0.965). The contrast illustrates why discrimination, calibration and clinical utility must be
separated when evaluating a prediction model (Collins et al., 2015; Hanley & McNeil, 1982; Saito &
Rehmsmeier, 2015; Wolff et al., 2019). Detailed results were provided as supplementary file 5 and 6.

Table 3

Discrimination results. Values are AUC or average precision with bootstrap 95% confidence intervals.
The sensitivity models are not competing clinical candidates; they serve as a transport stress test.

Model

Elastic-net logistic
(primary)

RBF support-vector

machine

Logistic regression

Extra trees

Random forest

Gaussian naive Bayes

Gradient boosting

Nested CV
AUC

0.933
(0.830-0.997)
0.959
(0.912-0.995)
0.913
(0.807-0.999)
0.972
(0.934-0.999)
0.979
(0.950-0.999)
0.891
(0.746-0.994)
0.965
(0.913-0.999)

Locked external
AUC

0.970
(0.900-1.000)
0.970
(0.900-1.000)
0.963
(0.880-1.000)
0.917
(0.731-1.000)
0.900
(0.711-1.000)
0.844
(0.661-0.967)
0.593
(0.535-0.651)

External average
precision

0.995
(0.982-1.000)
0.995
(0.983-1.000)
0.993
(0.979-1.000)
0.981
(0.940-1.000)
0.976
(0.931-1.000)
0.964
(0.921-0.993)
0.886
(0.870-0.902)

3.5 Score composition and external subtype checks

Every coefficient in the fitted primary score was negative for the tumour class after standardisation. The
largest absolute coefficients were IGSF10 (- 0.082), TMEM132C (- 0.069), ALDH1L1 (- 0.061),
LOC284825 (- 0.058) and ACVR1C (- 0.056). The presence of ACSM5, GPD1, CIDEA, PDE3B, LYVE1 and
ACADL is consistent with the downregulated metabolic/adipose/tissue-context signal. Elastic-net
coefficients are conditional effects within a regularised multivariable model; they neither rank causal
importance nor establish independent biomarker utility, particularly when correlated features can act as
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proxies for tissue composition (Ambroise & McLachlan, 2002; Varma & Simon, 2006; Zou & Hastie,
2005).

Among external tumours, the primary score had AUC 0.968 (95% Cl 0.881-1.000) in 18 basal-like
tumours and AUC 0.986 (95% Cl 0.939-1.000) in 21 non-BLC tumours, both against the same seven
normal controls (Table 4). Four BRCA1-associated tumours were available; no AUC was estimated.
These point estimates are encouraging, but their precision is limited and the shared controls prevent
independent subgroup interpretation.

Table 4

Exploratory external subtype checks. Each comparison reuses the same
seven normal controls; confidence intervals are therefore not
independent.

External subgroup Tumours Controls External AUC (95% CI)

Basal-like 18 7 shared 0.968
(0.881-1.000)
non-BLC 21 7 shared 0.986

(0.939-1.000)
BRCAT1-associated 4 7 shared -

4. Discussion

This study shows that an intentionally small elastic-net score can retain high rank discrimination when
transported from GSE42568 to the eligible GSE7904 tumour-normal contrast. The result is informative,
but only if it is read together with the score’s biological composition and the sampling structure of the
external cohort. A model with strong internal discrimination was not automatically externally robust:
gradient boosting fell to modest discrimination, while the more regularised elastic-net and RBF SVM
retained higher AUC. This discordance is a practical reminder that algorithm ranking inside one cohort
cannot certify portability (Ambroise & McLachlan, 2002; Ho et al., 2020; Varma & Simon, 2006; Zou &
Hastie, 2005).

The biological qualifier is that the replicated transcriptome was biphasic. Mitotic programmes increased
in tumour samples, whereas PPAR, lipolysis and lipid-metabolism programmes were reduced. In a bulk
breast specimen, this is compatible with malignant proliferation together with loss of normal breast,
adipose and stromal representation. It does not distinguish a tumour-cell metabolic switch from a
changing cellular mixture. Deconvolution work, multiplexed imaging and breast-cancer single-cell atlases
have made this point increasingly clear: composition is both biology and a possible statistical shortcut
(Aran et al., 2017; Azizi et al., 2018; Becht et al., 2016; Bindea et al., 2013; Keren et al., 2018; Newman et
al., 2015; Newman et al., 2019; Savas et al., 2018; Thorsson et al., 2018; Wagner et al., 2019; Wu et al,,
2021; Yoshihara et al., 2013).
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The all-negative score supports the same interpretation. Conditional on the other retained features, lower
expression of all 20 genes increased the model’s tumour-class score. Several genes have adipose,
metabolic, lymphatic or broad tissue-maintenance context. The current result is therefore best named a
breast-tumour versus available-normal-breast transcriptomic contrast, rather than a twenty-gene tumour-
cell diagnostic mechanism. This is not a semantic distinction: it determines whether the next experiment
should prioritise tumour-cell perturbation, cell-type deconvolution, spatial localisation, representative
benign controls or all four.

Table 5 (A, B, C) places each final score feature beside conservative earlier cancer evidence. It is not a
systematic gene-by-gene review and does not validate an individual biomarker. The table separates
direct breast-cancer evidence from cross-cancer mechanistic context and from genes for which no
sufficiently direct evidence was retained. This avoids a common overreach in transcriptomic modelling-
equating feature selection with biomarker discovery. In particular, ALDH1L1 has a stronger mechanistic
cancer literature than several other features, while FHL1, PGM5-AS1 and LYVE1 have prior cancer reports
that do not demonstrate the same biology in the present tumour-normal comparison.

Table 5

A. Final elastic-net score features as candidate biomarkers with prior cancer evidence. Feature selection
does not establish individual diagnostic or therapeutic utility.

Candidate Coefficient  Earlier study and Earlier reports
score feature cancer setting
IGSF10 -0.0822 Ewing sarcoma A recent functional study identified IGSF10

as a RET antagonist in Ewing sarcoma
(Jayabal et al., 2025).

TMEM132C -0.0694 - -
ALDH1TLT -0.0606 Pan-cancer review ALDH1L1 loss has been linked to folate-
and liver- metabolic rewiring and tumour growth in
carcinogenesis cancer models (Krupenko & Krupenko, 2018;
model Krupenko & Horita, 2019; Krupenko &
Krupenko, 2019; Krupenko et al., 2021;
Tsybovsky et al., 2022).
LOC284825 -0.0580 - -
ACVR1C -0.0563 - -
HSPB7 -0.0490 - -
PGM5-AST -0.0481 Prostate, colorectal Independent IncRNA studies reported

and bladder cancer tumour-suppressive associations in prostate,
colorectal and bladder cancer models (Du &
Gao, 2021; Duan et al., 2022; Zhou et al.,
2020).
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Table 5
B. Candidate score features with prior cancer evidence continued.

Candidate Coefficient  Earlier study and What earlier work reported

score feature cancer setting

STX11 -0.0473 - -

FHL1 -0.0456 Breast cancer cell FHL1 was reported to interact with oestrogen
model receptors and regulate breast-cancer cell

growth (Ding et al., 2011).

ACSM5 -0.0419 - -

GPD1 -0.0412 Castration-resistant ~ GPD1 has been linked to lipid-droplet and
prostate cancer ferroptosis-resistance context in prostate

cancer (Liu et al., 2024).

CIDEA -0.0408 - -

ASPA -0.0360 Gastric cancer ASPA expression was associated with
tumour development and immune infiltrates
in gastric cancer (Han et al., 2023).

ADH1C -0.0358 Breast-cancer A pooled study found no association
susceptibility meta- between ADH1C genotype and breast-cancer
analysis susceptibility in a Caucasian population

(Wang et al., 2012).
Table 5
C. Candidate score features with prior evidence of cancer continued.

Candidate Coefficient  Earlier study and What earlier work reported

score cancer setting

feature

AQPEP -0.0317 - -

GLYAT -0.0282 - -

PDE3B -0.0275 cAMP and The gene fits the enriched lipolysis context, but
adipocyte-lipolysis pathway enrichment does not establish PDE3B
context causality.

LYVET -0.0247 Murine breast LYVE1-positive macrophages were implicated
cancer and in chemotherapy response in murine breast
mammary stroma cancer and in mammary stromal regulation of

tumour growth (Anstee et al., 2023; Elfstrum et
al., 2024).
ACADL -0.0227 Hepatocellular Bulk and single-cell work linked extracellular-
carcinoma matrix mechanics to lipid reprogramming
through a YAP/TEAD4/ACADL axis in
hepatocellular carcinoma (Cai et al., 2023).
SLC19A3 -0.0088 - -
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The study also offers a contrast-aware transportability framework to interpret public-cohort classifiers
(Table 6). First, external rank discrimination asks if the ordering is preserved outside the training sample.
Second, direction replication asks whether a non-model gene-level biological signal recurs. Third, feature

provenance asks whether selected genes plausibly represent tumour cells, normal tissue,
immune/stromal cells or mixtures. A fourth, non-scoring axis is intended-use alignment: does the
evaluated contrast resemble the clinical or research decision being contemplated? Thus the claim
should advance only when these dimensions are coherent (Collins et al., 2015; Ho et al., 2020; Wolff et

al., 2019).

Table 6

Contrast-aware transportability framework. This conceptual synthesis supports interpretation of public-
cohort classifier reports; it is not a clinical decision rule.

Dimension

External
discrimination

Gene-direction
replication

Feature
provenance

Intended-use
alignment

Question

Does sample
ordering
transport?

Does bulk
biology recur?

Which cells or
tissues could
generate the
signal?

Does the tested
contrast match a
real decision
context?

What this study supports

High external AUC for the
primary score in 43 tumours
and 7 controls.

Partial sign agreement and 563

stringent concordant DEGs.

Lipid/adipose/lymphatic
context is plausible.

Not evaluated; the test set is
retrospective and case
enriched.

What is still required

Larger independent
cohorts; pre-specified
intended use; prospective
timing.

Meta-analysis, raw-data
harmonisation and
covariate-aware models.

Single-cell or spatial
validation, deconvolution,
histology and tumour-
purity analysis.

Representative benign
controls, prevalence,
calibration, utility and
prospective validation.

This framing connects the present findings to the evidentiary standard reached by established
prognostic assays. Those assays moved through analytical validation, outcome association,
prospective-retrospective studies, treatment-benefit assessment and decision trials rather than relying
on a single retrospective external AUC. The clinical literature includes assay-development and
community-feasibility studies, prospective validation, randomised decision trials, biomarker-guideline
work and long-term endocrine-therapy evidence (Bartlett et al., 2013; Davies et al., 2013; Drukker et al.,
2013; Early Breast Cancer Trialists' Collaborative Group (EBCTCG) et al., 2011; Early Breast Cancer
Trialists' Collaborative Group (EBCTCG) et al., 2012; Hammond et al., 2010; Hayes & Padnos, 2011;
Munoz et al., 2014; Siegel et al., 2014; Simon et al., 2009; Sparano & Paik, 2008; Sparano et al., 20153;
Tang et al., 2011; Wolff et al., 2013; Wong et al., 2012).

However, the present study has none of the prospective outcome, treatment-benefit or representative-
control evidence required for that level of translation. A stronger next study would recruit consecutive
participants under a declared use case, such as research triage or pathology support, and include
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normal breast, benign disease, inflammatory lesions and relevant tumour subtypes (Collins et al., 2015;
Vickers & Elkin, 2006; Wolff et al., 2019). The molecular workflow should be fixed before testing, ideally
with raw-data harmonisation or a clinically deployable assay. Cell-type provenance needs to be
measured with histology, spatial transcriptomics or matched single-cell references (Keren et al., 2018;
Stahl et al., 2016; Wagner et al., 2019; Wu et al., 2021).

5. Conclusions

A 20-feature elastic-net score trained in GSE42568 retained high rank discrimination in the eligible
GSE7904 tumour-normal comparison, including the analysable basal-like and non-BLC subgroups. Its
supporting transcriptome combined proliferative programmes with reduced normal metabolic or
adipose-associated expression. Therefore, the result is plausible as a transportability pilot. The
immediate scientific value lies in the contrast-aware interpretation: external AUC should be read together
with replication biology and tissue-composition sensitivity.
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Study design and locked external eval

uation

Locked external cohort: GSE7904

Discovery cohort: GSE42568

Affymetrix GPL570
104 primary breast tumours
17 normal breast samples

Affymetrix GPL570
43 primary breast tumours
7 eligible normal breast samples

12 normal-organelle samples excluded

Y

/

Shared analytical representation

Scale check/log2 when indicated * within-study quantile normalization
GPL570 annotation * median probe collapse * 22,737 common genes

- N

Discovery-only analysis External analysis

One-locked score evaluation * bootstrap confidence intervals
Exploratory basal-like and non-BLC checks
No calibration or clinical-threshold claims

Exploratory differential expression and enrichment
Nested CV: preprocessing, feature selection and tuning

Primary model: elastic-net logistic score

Figure 1

The complete study design. GSE42568 was used for the discovery dataset and for nested model
development within the training framework, whereas GSE7904 was maintained independently as a

locked external cohort.

GSE42568:
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PCA before any batch correction

——————

Figure 2
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Quality-control and domain-shift diagnostics. (A) Processed probe-expression distributions in GSE42568
and GSE7904. (B) Principal component analysis before any cross-study batch correction, coloured by

case/control class and marked by cohort.
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GSE42568: exploratory volcano plot
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Differential-expression volcano plots. (A) GSE42568 discovery and (B) GSE7904 locked external cohort.
The dashed lines represent the exploratory thresholds (adjusted P <0.05 and log2 fold change >1). The
plots demonstrate the distribution of differential cohort-specific effect.
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Locked external ROC and precision-recall curves in GSE7904. Curves are shown for the primary elastic-
net logistic model and sensitivity classifiers.
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Pre-specified primary score: selected genes

IGSF10
TMEM132C
ALDHIL1
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Figure 5

Coefficients in the pre-specified primary elastic-net score. All 20 retained features have negative
coefficients for the tumour class.
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