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Abstract

Metabolomic cancer classifiers trained on mixed-smoking cohorts may embed tobacco
exposure signal within their predictions, degrading performance in never-smokers, a
population in which lung adenocarcinoma is frequently diagnosed. We developed a two-
stage framework that (i) decomposes a shared 129-metabolite panel from a combined lung-
breast cancer cohort (n = 1038) into cancer-specific (Signal C), smoking-specific (Signal S),
and shared (Signal SNC) components using two-way analysis of variance with Benjamini—
Hochberg correction, and (ii) applies multiple feature-selection strategies to identify the
minimal Signal C subset that surpasses the all-metabolite baseline for never-smoker cancer
detection. Two-way ANOVA partitioned 54 of 129 metabolites as cancer-specific (Signal
C) and 57 as smoking-specific (Signal S), suggesting that nearly half of the shared panel is
influenced by tobacco exposure. A model of 19 Signal C metabolites, selected by composite
rank aggregation across four feature-selection methods and trained with gradient-boosted
trees, achieved a never-smoker area under the receiver operating characteristic curve
(AUC) of 0.907 on pooled out-of-fold predictions (0.910 as a mean across folds) against an
all-metabolite baseline of 0.895, using 85% fewer metabolite measurements. The signal
decomposition is a reproducible and interpretable way to identify metabolites whose case—
control differences are not attributable to tobacco exposure, and it permits a substantial
reduction in panel size.

Keywords: smoking confounding; lysophosphatidylcholine; XGBoost; never-smokers;
biomarker panel

1. Introduction

The utility of published biomarker panels is limited by a methodological blind spot.
The majority of discovery cohorts contain a mixture of smokers and never-smokers, and
tobacco smoke induces perturbations across lipid, amino acid, and organic acid metabolism
that overlap substantially with cancer-associated signatures [1,2]. When a classifier learns
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from a mixed cohort, it encodes a composite of cancer signal and smoking signal. Applied
to a never-smoker, the smoking component is absent, reducing sensitivity in a population
that nonetheless bears meaningful cancer risk.

This problem is particularly acute for lung cancer in never-smokers, which accounts
for approximately 15-20% of all lung cancer cases and represents a biologically distinct
entity characterized by a higher prevalence of EGFR mutations, female sex, and East Asian
ethnicity [3,4]. Never-smoking Asian women with lung adenocarcinoma are thus precisely
the population most likely to receive a false-negative result from a classifier trained on
tobacco-exposed cohorts. Despite a weaker and more contested causal relationship with
smoking, breast cancer metabolomics studies frequently include smokers and non-smokers
without stratification, and several lipid biomarkers documented in breast cancer litera-
ture, including lysophosphatidylcholines (LysoPCs) and sphingomyelins, show significant
concentration differences attributable to smoking status [5,6].

Lung and breast carcinomas are biologically distinct diseases with different tissue
origins, driver mutations, and metabolic programs. A single plasma metabolite panel is
not expected to capture tumor-type-specific biology equally well in both. The combined
design was adopted for three methodological reasons.

First, the research question concerns the separability of tobacco exposure from malignancy
in plasma metabolomics, not the discrimination of one tumor type from another. Answering
it requires a cohort in which cancer status and smoking status vary independently enough
to be identifiable in a factorial model. Neither cohort provides this alone. The lung
cohort is 82.5% ever-smokers and the breast cohort 34.9%, so within either cohort the
cancer and smoking factors are strongly collinear. Pooling them breaks that collinearity
and yields a design in which all four cancer x smoking cells are populated, which is a
precondition for the two-way ANOVA decomposition that follows. Second, both cohorts
were profiled on the same targeted platform (Biocrates AbsoluteIDQ p180) in the same
laboratory, so the 129 shared metabolites are measured on a common analytical basis. Third,
the analysis is explicitly aimed at the metabolic signal that is shared across tumor types.
Metabolites that discriminate cases from controls in both a lung and a breast cohort are, by
construction, less likely to encode tissue-of-origin biology and more likely to reflect generic
malignancy-associated processes such as altered fatty-acid oxidation, one-carbon flux, and
phospholipid turnover. A panel restricted to such metabolites is the appropriate substrate
for a smoking-independence analysis.

We address this gap through a two-stage analytical framework applied to a combined
1038-patient cohort incorporating lung and breast cancer cases with complete smoking
history (Figure 1). First, we decompose the shared 129-metabolite panel using two-way
ANOVA, partitioning variance into cancer-attributable, smoking-attributable, and interac-
tion components for each metabolite. Second, we apply four feature selection strategies,
namely recursive feature elimination with cross-validation (RFECV), LASSO regularization
path analysis, SHAP-based importance, and mutual information filtering, to identify a
minimal Signal C subset and compare its never-smoker classification performance against
that of the full unselected panel. Smoking status is retained as an input feature so that the
classifier can use it as contextual information while relying on Signal C metabolites for
cancer-specific discrimination.
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Stage 1
Cohorts

Stage 2
Integration

Stage 3
ANOVA

Stage 4
Ranking|

Stage 5
Union Pool

Stage 6
Aggregation

Stage 7
Sweep & CV

Stage 8
Selected Subset

Stage 9
Validation

Lung Cohort Breast Cohort
n =800 n =238

1038 patients - 129 shared metabolites - Multi-cohort integration

Two-Way ANOVA (Type Il SS) - Cancer x Smoking - FDR: Benjamini-Hochberg

Signal C Signal S Signal SNC
n=54 n=57 n=2
n?*C) q<0.05 n3(S) g<0.05 Interaction

n?(S)<0.03 n?(C)<0.03 g<0.05

4 Ranking Methods - Each applied to 54 Signal C metabolites
Smoking = mandatory co-feature

Union Pool - Top 25 from each of 4 methods

Composite Rank Aggregation - Mean normalized rank across 4 methods
Features not in top-25 penalized to rank N+1

Feature Count Sweep (sizes 3—-44) - 5-Fold Stratified CV
XGBoost / RF / GBM - Smoking-stratified AUC

Selected Subset - Top 19 by composite rank
Smallest set matching all-metabolites baseline (never-smoker AUC)

Validation - Nested CV (selection inside each fold) - DeLong test
n? threshold sweep 0.01-0.06 - Cross-cohort transfer

Figure 1. Full analytical pipeline used to identify cancer-specific metabolite signals independent of
smoking effects.

2. Results
2.1. Dataset Characteristics

The combined lung-breast cohort comprised 1,038 patients, including 771 cancer cases
(586 lung, 185 breast) and 267 controls. The 30% missingness filter was applied within
each cohort before integration. The 129 metabolites that passed in both cohorts were
carried forward and used in every model reported here. The smoking prevalence was
markedly higher in the lung cohort (82.5%) than the breast cohort (34.9%), reflecting the
epidemiological relationship between tobacco exposure and lung cancer. The combined
dataset retained 743 ever-smokers (71.6%) and 295 never-smokers (28.4%), providing
sufficient within-stratum sample sizes for stratified evaluation (Table 1).
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Table 1. Cohort characteristics of the combined multi-cancer dataset.
Characteristic Lung Cohort Breast Cohort Combined
Total patients 800 238 1038
Cancer cases 586 (73.3%) 185 (77.7%) 771 (74.3%)
Controls 214 (26.7%) 53 (22.3%) 267 (25.7%)
Ever-smokers 660 (82.5%) 83 (34.9%) 743 (71.6%)
Never-smokers 140 (17.5%) 155 (65.1%) 295 (28.4%)
Shared metabolites — — 129

2.2. Signal Decomposition by Two-Way ANOVA

Two-way ANOVA partitioned the 129 shared metabolites into four signal classes
(Figure 2A): 54 metabolites were assigned to Signal C (cancer-specific, Jcancer < 0.05,
”szmoking < 0.03), 57 to Signal S (smoking-specific), 2 to Signal SNC (interaction-driven), and
16 remained unclassified. The near-equal split between Signal C and Signal S (41.9% vs.
44.2%) indicates that nearly half the shared metabolite panel carries smoking-attributable
variance that may confound cancer classification in mixed-exposure cohorts.

The top-ranked Signal C metabolites by 72, were LysoPC a C16:0 (3> = 0.078,
g < 0.0001), Homovanillic Acid (172 = 0.055), Benzoic Acid (172 = 0.055), LysoPC a C18:1
(7? = 0.044), and Fumaric Scid (7% = 0.043). Smoking-attributable variance among these
was low but not uniformly negligible (qszmokmg = 0.0010 for Fumaric Acid, 0.0015 for
LysoPC a C16:0, 0.0021 for LysoPC a C18:1, and 0.0065 for Benzoic Acid), in each case at
least an order of magnitude below the corresponding cancer variance.

The all-metabolites plus smoking XGBoost baseline achieved an overall AUC of 0.922,
a smoker AUC of 0917, and a never-smoker AUC of 0.895. The AUC gap of +0.022
indicates that the baseline model generalizes less well to never-smokers than to smokers, a
finding consistent with the hypothesis that the model encodes smoking-correlated variance
that is absent in never-smoking test patients.

A B
Signal C zone Pathway
0.08 LysoPC(16:0) ® SignalC Proline Component B Glycerophospholipid Metabolism
® = Signal§ M Cancer B Fatty Acid / Camitine Metabolism
A Signal SNC Acetylcanitine B Smoking o
0.07 Unclassified LysoPC(26:0) m— M Interaction i
: @ Selected panel Glycine ec esis
LysoPC(17:0) nu—
0.06 Benzoic acid LysoPC(18:1)
° A Tryptophan
% 0.05 Glucose
e DiscRcUs 1) Valerylcamnitine
8 0.04 {tmaric aci ] Methionine
o ® Giycine SM(d18:1/18:0)
003 Tyl Benzoic acid
o Myristoylcarnitine
® o Lysine
002 4% I . Fumaric acid
o o I F . .. Decadienylcanitine
001 {0 o .t " LysoPC(18:2)
1"& ®e Free Carnitine »I_—_—————
M - . . y
oo Pk AT LT LsapctieD

0.00 0.02 0.04 0.06 0.08 0.10 0.12
n? Smoking

000 001 002 003 004 005 006 007 008
n? (residual excluded)

SignelC:n=54  Signal : 57 Signal S1C: 2. Undlassfed:n=16
Figure 2. ANOVA signal classification and effect decomposition. (A) Scatter plot of metabolite
effect sizes showing q%amer versus W%moking' The decision boundary (3> threshold = 0.03) separates
cancer-dominant (Signal C) from smoking-dominant (Signal S) features. Filled circles indicate the
19 selected panel metabolites. Signal C metabolites cluster at low smoking effect sizes and elevated
cancer contributions, indicating smoking-independent cancer signals. (B) 172 decomposition for the
19 selected panel metabolites in composite rank order shows that cancer effects dominate across
features, with smaller smoking contributions and modest interaction terms.

2.3. Sensitivity of the Signal Classification to the n*> Threshold

The 72 = 0.03 boundary separating Signal C from Signal S is a convention and not a
value derived from theory (Section 4.2). Its effect on the results was assessed empirically
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at six thresholds spanning 172 € {0.01,0.02,0.03,0.04,0.05,0.06 }, with all other parameters
held fixed (Table 2).

The size of the Signal C set depends moderately on the threshold. It ranges from
41 metabolites at 72 < 0.01 to 63 at 72 < 0.06, against 54 at the primary value. Panel
composition is more stable than that range implies. Between 14 and 16 of the 19 primary
panel metabolites are recovered at each threshold, and 12 are recovered at every threshold.
These 12 are Benzoic Acid, C0, C2, C5, C10:2, C14, Fumaric Acid, Glucose, LysoPC a C16:0,
LysoPC a C18:2, Methionine, and Proline.

Classification performance is stable across the range tested. Never-smoker AUC varied
between 0.900 and 0.908, a spread of 0.009, and exceeded the all-metabolite baseline of 0.895
at all six thresholds. Overall AUC varied between 0.916 and 0.918. The primary threshold
of 0.03 gave a never-smoker AUC of 0.907, which is neither the best nor the worst of the six.
The AUC gap was negative at five of the six thresholds.

The behavior of the framework therefore does not depend on the particular cutoff
chosen within this range. Re-ranking the Signal C set by 72,,.er alone did not exceed the
baseline at any threshold. The reported performance is a property of the full pipeline,
specifically of the multi-method composite ranking.

Table 2. Sensitivity of the full analytical pipeline to the 7> threshold separating Signal C from Signal S.
The overlap column reports how many of the 19 primary panel metabolites were recovered. The
all-metabolite baseline never-smoker AUC is 0.895. AUCs in this table are computed on pooled
out-of-fold predictions. The corresponding fold-mean at the primary threshold is 0.910 (Table 3).

#* Threshold Signal C (n) Signal S (n) Panel Overlap Never-Smoker

AUC

0.01 41 49 15/19 0.907

0.02 50 58 15/19 0.906

0.03 (primary) 54 57 19/19 0.907
0.04 59 53 14/19 0.901

0.05 61 51 16/19 0.908

0.06 63 51 16/19 0.900

2.4. Feature Selection Results

RFECV selected 30 features in total, comprising 29 Signal C metabolites plus the
forced smoking covariate. Cross-validated AUC increased steeply from 3 to approximately
15 features, then plateaued, with diminishing gains beyond 20 features. The RFECV set
included LysoPC a C16:0, Homovanillic Acid, Benzoic Acid, Fumaric Acid, Glycine, and
multiple acylcarnitine species (C0, C2, C5, C14).

At the stability threshold of C = 0.05, 22 Signal C features retained non-zero coeffi-
cients in the logistic regression selector. LysoPC a C16:0 exhibited the largest coefficient
magnitude (3 = —0.673 at C = 0.05), with a negative sign indicating lower concentrations
in cancer cases, consistent with LysoPC literature in lung adenocarcinoma [7-9].

Thirty-three Signal C metabolites satisfied the criterion MI(cancer) > MI(smoking) in
the MI selector. LysoPC a C16:0 exhibited a high MI ratio of 5.2 x 107, indicating essentially
zero mutual information with smoking and maximal cancer-specific information content.
Methionine (ratio = 7.6) and LysoPC a C18:2 (ratio = 27.7) also had MI ratios above unity.

Fourteen metabolites were selected by all four methods: CO (carnitine), C5 (valerylcar-
nitine), Glycine, Benzoic Acid, LysoPC a C16:0, Methionine, SM C18:0 (Sphingomyelin),
Tryptophan, LysoPC a C26:0, C14 (Myristoylcarnitine), LysoPC a C18:2, Glucose, Proline,
and C10:2 (Figure 3). The >3/4 consensus panel contained 22 metabolites.
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Benzoic acid
Free Carnitine
Decadienylcarnitine
Myristoylcarnitine
Valerylcarnitine
Glucose

Glycine
LysoPC(16:0)
LysoPC(18:2)
LysoPC(26:0)
Methionine
Proline
SM(d18:1/18:0)
Tryptophan
Asparagine

Cc8

Fumaric acid
Histidine
Homovanillic acid
Lysine
LysoPC(17:0)
LysoPC(18:1)

Alanine

C142
Acetylcarnitine ]
C7DC A

C9 4

Glutamine -

LysoPC a C180 -
Methylmalonic acid -
Pyruvic acid -

SM C181 A
trans-Hydroxyproline
Betaine -

C1410H 4

C181

Citrulline 4
Glutamic acid
LysoPC a C204 -
LysoPC a C280 -
LysoPC a C281 -
SM(OH) C161

Succinic acid 1

4 of 4 methods
3 of 4 methods
alpha-Ketoglutaric aci 2 of 4 methods
1 of 4 methods
beta-Hydroxybutyric ac - @ in final 19-metabolite panel

Threonine -

3 4

N
N
w
PN
o
N
N

Number of selection methods, out of 4

Figure 3. Consensus feature selection across four methods. Horizontal bars show the number of
methods (RFECV, LASSO path, SHAP, mutual information) selecting each Signal C metabolite.

Composite rank aggregation of the four method-specific rankings yielded a candidate
pool of 44 unique metabolites (union of the top-25 from each method). Feature-count sweep
evaluation on this combined ranked list identified multiple configurations exceeding the
baseline never-smoker AUC of 0.895 (Figure 4).

Each of the four single-method ranked lists also produced at least one configuration
exceeding the baseline, at best feature counts of 30 (RFE, never-smoker AUC 0.913), 21
(SHAP, 0.915), 38 (MI, 0.906), and 44 (LASSO, 0.910). Two of these, SHAP at 21 features and
REFE at 30, reached a marginally higher never-smoker AUC than the composite-rank panel
described below. The composite panel was nonetheless carried forward as the primary
configuration because it is the most parsimonious of the configurations that exceed the
baseline and because its membership is supported by more than one selection method,
and the differences between these configurations are within the range attributable to
fold assignment.

The configuration carried forward comprised 19 Signal C metabolites selected by com-
posite rank aggregation plus smoking status, evaluated with XGBoost (Table 3). The selected
metabolites included LysoPC a C16:0, Free Carnitine (C0), LysoPC a C18:2, Decadienyl-
carnitine (C10:2), Fumaric Acid, Lysine, Myristoylcarnitine (C14), Benzoic Acid, SM C18:0
(Sphingomyelin), Methionine, Valerylcarnitine (C5), Glucose, Tryptophan, LysoPC a C18:1,
LysoPC a C17:0, Glycine, LysoPC a C26:0, Acetylcarnitine (C2), and Proline. The best subset
used 85.3% fewer metabolite features than the baseline (19 vs. 129). The composite-ranked
XGBoost configuration at 7 = 19 Signal C metabolites achieved never-smoker AUC = 0.907,
exceeding the baseline by 0.012 AUC points. The AUC gap inverted to —0.012 (Table 3).
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Table 3. Performance comparison of baseline and feature-selected models on the combined multi-
cancer cohort (n = 1038, five-fold stratified cross-validation). All feature sets included the smoking
variable. The AUC gap is defined as smoker AUC minus never-smoker AUC. Negative values
indicate better performance in never-smokers. Values are means across the five folds.

Never-

Model Features + Smoking OXIEJI‘(a:H S;n[(;léer Smoker '?;Iis
AUC

All metabolites, XGB 130 0.922 0.917 0.895 +0.022
Top-19, XGB 20 0.916 0.898 0.910 —0.012
Top-19, RF 20 0.891 0.874 0.882 —0.008
Top-19, GB 20 0.892 0.871 0.880 —0.009
Consensus >3/4, XGB 23 0.920 0.906 0.905 +0.001
Consensus >3/4, RF 23 0.896 0.879 0.886 —0.007
Consensus >4/4, XG 15 0.911 0.895 0.899 —0.004
Consensus >4/4, RF 15 0.893 0.877 0.876 +0.001

Figure 4 presents the three-panel comparison of never-smoker AUC, overall AUC,
and AUC gap. The composite-rank XGBoost model (19 features + smoking) exceeds the
baseline on never-smoker AUC. Overall AUC declined relative to the baseline for every
feature-selected configuration, the closest being the consensus >3/4 XGBoost model at
0.920 against 0.922, so the procedure did not improve cancer discrimination across the full
cohort. It redistributed performance between the smoking strata. Standard errors across
folds (Figure 4A,C) overlap the baseline for every configuration. The sign of the AUC gap
in the consensus configurations was not stable across repeated executions and is therefore
not interpreted here.

A B Cc

0.94

4
©
N

Never-smoker AUC
o
©
o

0.910

0.895

0.882 0.886
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o
©
IN]
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o
2

o
©
o
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Figure 4. Composite-rank selected Signal C subsets versus all-metabolite baseline. Three-panel
comparison of (A) never-smoker AUC, (B) overall AUC, and (C) AUC gap across evaluated model
configurations. Green bars indicate never-smoker AUC exceeding the baseline dashed line. Or-
ange bars indicate below baseline. The optimal composite-rank XGBoost model (composite top-19,
19 features + smoking) achieves never-smoker AUC = 0.910 (A, leftmost green bar) and an inverted
AUC gap of —0.012 (C). Error bars in (A,C) show standard error across five cross-validation folds
and overlap the baseline in every case.

Because the never-smoker AUC difference between the baseline and the selected
panel is small in absolute terms (0.895 vs. 0.910), we compared the two models using
out-of-fold predicted probabilities for never-smokers pooled across the five folds. The
two correlated ROC curves were compared using the DeLong test, with a 2000-replicate
stratified bootstrap to obtain a confidence interval for the AUC difference. On pooled
out-of-fold predictions the never-smoker AUC was 0.895 for the baseline and 0.907 for the
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selected panel, a difference of AAUC = 0.012 (95% bootstrap CI —0.013 to +0.039; DeLong

= 0.375). The confidence interval includes zero and the difference does not reach nominal
significance. The point estimate is smaller than the 0.015 obtained by averaging fold-wise
AUCs (Table 3).

The corresponding comparisons in the other strata run in the opposite direction. In
ever-smokers the baseline achieved 0.917 against 0.897 for the selected panel, a differ-
ence of —0.020 (p = 0.048 uncorrected), and across the full cohort the difference was
—0.007 (p = 0.328). Because three strata were tested, these p-values were corrected by
the Benjamini-Hochberg procedure, giving g4 = 0.375 (never-smokers), g = 0.144 (ever-
smokers), and g = 0.375 (overall).

No stratum shows a statistically significant difference between the two models after
correction. The selected 19-metabolite panel is therefore not distinguishable from the
129-metabolite baseline in any subgroup, in either direction, at the sample sizes available.
The inversion of the AUC gap in Table 3 reflects a combination of a small non-significant
gain in never-smokers and a somewhat larger non-significant loss in ever-smokers, and
should not be interpreted as evidence that Signal C restriction improves never-smoker
discrimination specifically.

2.5. Cross-Validated Feature Selection

In the primary analysis the signal decomposition and the four selection procedures
were applied to the complete dataset before cross-validation, which is known to bias
performance estimates upward. To quantify that bias, the decomposition, the four selection
methods, and the composite rank aggregation were repeated independently within each
training fold of an outer five-fold stratified cross-validation. The panel size of 19 was held
fixed, so the nesting covers which metabolites are chosen and not how many.

Under the nested protocol the selected-panel never-smoker AUC was 0.901 (SE 0.019
across folds) against 0.910 under the non-nested protocol, an optimism of 0.009 AUC points.
The nested baseline was 0.895 (SE 0.017), unchanged because the baseline involves no
selection step. The optimism is therefore small, and the non-nested estimates in Table 3
are not appreciably inflated by this mechanism. Eleven of the 19 panel metabolites were
selected independently in all five folds. These are benzoic acid, C0, C10:2, Fumaric Acid,
Glucose, Lysine, LysoPC a C16:0, LysoPC a C18:1, LysoPC a C18:2, Methionine, and
SM C18:0. Their selection does not depend on access to the full dataset.

3. Discussion

The principal finding of this study is that nearly half (44.2%) of the metabolites shared
between a lung and a breast cancer platform panel carry smoking-attributable variance
exceeding their cancer-attributable variance. The two-way ANOVA framework assigns
each metabolite a partition label that directly informs feature selection, and restricting
classifiers to Signal C metabolites reduced the panel from 129 to 19 metabolites without a
detectable change in never-smoker AUC.

Signal C metabolites cluster in a region of low 17§m oking and elevated 772, (Figure 2A),
separated from Signal S metabolites, and only two metabolites cross both thresholds
simultaneously, indicating that cancer-attributable and smoking-attributable variance are
largely non-overlapping at the metabolite level in this cohort. The 7> decomposition
for the selected 19-metabolite panel (Figure 2B) shows a dominant cancer component
with uniformly small smoking and interaction contributions. The volcano representation
(Figure 5A) shows that top-ranked metabolites such as LysoPC a C16:0 and Benzoic Acid
combine large cancer effect sizes with FDR well below 0.05.
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Figure 5. Cancer signal strength and pathway-level effects. (A) Volcano-style plot displaying
cancer effect size (172) versus statistical significance (— log;, FDR). Metabolites such as LysoPC(16:0),
Homovanillic Acid, Benzoic Acid, and Fumaric Acid exhibit both large effect sizes and strong
statistical significance, defining the Signal C set. (B) Pathway-level decomposition for selected
panel metabolites, showing that cancer-associated variance is concentrated in secondary metabolite
biosynthesis, TCA cycle, glycerophospholipid metabolism, and amino acid metabolism. Smoking
contributions remain consistently lower across pathways.

3.1. Clinical Relevance of the Performance Difference

The improvement of 0.012 AUC points in never-smoker classification is small and
is not statistically significant. Stratum-wise testing with correction for the three com-
parisons finds no significant difference in any stratum. The inversion combines a small
non-significant gain in never-smokers with a somewhat larger non-significant loss in
ever-smokers. Nonetheless, the Signal C restriction removes 85% of the metabolite measure-
ments while leaving discrimination statistically unchanged in every stratum, with a small
non-significant reduction overall (0.922 to 0.916). This behavior is reproduced at every
1% threshold between 0.01 and 0.06 and survives nesting of the entire selection procedure
inside the resampling loop. For a targeted assay this trade may still be worth making,
since assay cost, run time, and analytical validation burden scale with panel size, and a
19-metabolite panel is more tractable than a 129-metabolite one.

The two-way ANOVA decomposition provides an interpretable partition of a shared
metabolite panel into cancer-attributable and smoking-attributable components, and the
classification experiments establish that a panel restricted to the cancer-attributable fraction
retains never-smoker discrimination while shedding most of its measurements. Establishing
clinical utility would require, at minimum, an external cohort, a prospective design, and a
demonstrated accuracy advantage that this study does not provide.

3.2. Implications of the Combined Lung—Breast Design

Lung and breast carcinomas differ in tissue of origin, driver biology, and metabolic
phenotype, and the plasma metabolome reflects those differences. A pooled model must
therefore learn a decision boundary that separates cases from controls across two partly
different case distributions, which is a harder problem than either single-cohort task. In
practice this means the reported AUCs are likely to be conservative relative to what a tumor-
type-specific model would achieve on the same data, and it means that a metabolite entering
the panel is one whose case—control shift is directionally consistent in both cohorts, since
metabolites with opposing shifts would cancel and lose effect size in the pooled ANOVA.

This filtering effect is visible in the composition of the selected panel, which is domi-
nated by lipid and energy-metabolism species, Lysophosphatidylcholines, Acylcarnitines,
Fumarate, and Glucose, processes altered in malignancy generally.
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The cohort membership is correlated with both smoking status (82.5% ever-smokers
in the lung cohort vs. 34.9% in the breast cohort) and with sex, since the breast cohort
is exclusively female. A metabolite that differs between the two cohorts for reasons of
tumor type, sex, or recruitment could in principle contribute apparent cancer signal. The
ANOVA model partitions cancer and smoking variance within the pooled cohort, so a
metabolite driven purely by cohort membership would load on whichever factor is most
collinear with it, which is smoking, and would be assigned to Signal S. In addition, the
never-smoker stratum in which the primary result is measured draws 47% of its members
from the lung cohort and 53% from the breast cohort, so it is the most balanced stratum
in the dataset. Cohort accounts for a non-trivial share of variance across the panel as a
whole (median 72, . = 0.027, maximum 0.572), and for several metabolites outside the
panel it dominates, such as Taurine, C16-OH, and Spermine each carrying ’7c20h ort above
0.20, and their apparent cancer effects largely disappear on adjustment (Taurine 0.052 to
0.020; C16-OH 0.028 to 0.001; Spermine 0.018 to 0.000). Agreement between the adjusted
and unadjusted Signal C sets is partial (37 metabolites in common, 54 unadjusted versus
61 adjusted), so the decomposition as a whole is sensitive to cohort adjustment.

The selected panel is affected less than the full metabolite set. Seventeen of the 19 panel
members remain Signal C after adjustment. The two that do not are LysoPC a C26:0 and Pro-
line. The highest-ranked panel members carry little cohort variance and retain most of their
cancer effect (LysoPC a C16:0, ’7c20hort = 0.017, cancer effect 0.078 to 0.055; LysoPC a C18:1,
0.014, 0.044 to 0.027). The adjusted result is a sensitivity analysis showing that tumor-type
and demographic structure contribute measurably to the raw decomposition. Tumor-type-
stratified evaluation shows that the panel does not perform equally in the two cohorts.
In the lung cohort alone the panel achieved an overall AUC of 0.923 and a never-smoker
AUC of 0.892. In the breast cohort alone the corresponding values were 0.861 and 0.864.
The 0.06 difference in overall AUC indicates that the pooled estimate of 0.916 is carried
disproportionately by the lung cohort, which contributes 77% of the combined sample.
Notably, the never-smoker estimate is the weaker of the two in the breast cohort despite
that cohort supplying the majority of never-smokers, so the pooled never-smoker result
cannot be attributed principally to breast-cohort performance. Both stratified estimates rest
on small case counts and should be treated as indicative.

3.3. Smoking Status as a Model Input

Retaining smoking status as an input may appear to be in tension with the goal of
separating smoking-related from cancer-related signal. The two operations act on different
objects. The decomposition removes tobacco-responsive metabolites from the feature
space. The covariate supplies exposure status to the model as observed information,
which removes the model’s incentive to reconstruct that status from residual tobacco-
responsive variation among the retained analytes. SHAP is consistent with this reading,
ranking smoking status first in overall importance (mean |¢| = 0.605) marginally above
LysoPC a C16:0 (0.601).

The cost was quantified by evaluating the identical 19-metabolite panel with the
smoking feature removed. Never-smoker AUC fell from 0.910 to 0.893, overall AUC from
0.916 to 0.901, and the AUC gap reverted from —0.012 to +0.008. At 0.893 the panel cannot
be distinguished from the all-metabolite model without smoking status, which also gives
0.893, or from the all-metabolite baseline with it, which gives 0.895. The reported behavior
belongs to the Signal C panel and the smoking covariate together and not to the metabolite
panel alone.
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3.4. Biological Interpretation of the Selected Panel

The associations described below are cross-sectional and were not designed to test
mechanism. The text distinguishes throughout between what the present analysis estab-
lishes, namely that a metabolite differs between cases and controls with a given effect
size and shows negligible smoking-attributable variance, and the mechanistic accounts
proposed in the prior literature to explain such differences.

3.4.1. Glycerophospholipids

Five Lysophosphatidylcholine species entered the composite-rank panel: LysoPC a C16:0,
C18:1, C18:2, C17:0, and C26:0. LysoPC a C16:0 was the highest-ranked Signal C metabolite
across all four selection methods, with the largest 72, (0.078), negligible smoking vari-
ance (17§m oking = 0.0015), and an MI ratio of 5.2 x 10”. Its LASSO coefficient was negative,
indicating lower concentrations in cases. Reduced circulating LysoPC species are among
the most consistently replicated metabolomic findings in lung cancer [7,9,10] and have also
been reported in breast cancer plasma across hormone receptor subtypes [11], in some cases
preceding clinical diagnosis [12]. Proposed explanations invoke altered phospholipase A2
activity and increased uptake of LysoPCs as membrane precursors by proliferating tumor
cells [13]. The present data are consistent with the reported direction but do not adjudicate
between mechanisms. Case—control separation within never-smokers is significant for
LysoPC a C16:0 (p < 0.001) but not for LysoPC a C18:2 (Figure 8A,C).

3.4.2. Acylcarnitines and Energy Metabolism

Free Carnitine (CO), Valerylcarnitine (C5), Myristoylcarnitine (C14), Acetylcarnitine
(C2), and Decadienoylcarnitine (C10:2) were selected by >3 of 4 methods. Acylcarnitines
mediate fatty acid transport across the inner mitochondrial membrane, and their plasma
profiles are widely interpreted as reflecting the balance between fatty acid oxidation and
the glycolytic shift characteristic of tumor metabolism [14-18]. Short- and medium-chain
species have been reported as elevated in lung and gastric cancer plasma [19-21], and
subtype-dependent acylcarnitine dysregulation has been described in breast cancer [22-25].
In the present cohort CO was elevated in cases in the SHAP analysis, and ﬂszmoking was at or
below 0.010 for all five acylcarnitine panel members (C0 0.0017, C2 0.0034, C5 0.0007, C10:2
0.0062, C14 0.0100).

Fumaric Acid ranked second among metabolites by SHAP importance (mean |¢| = 0.507).
Fumarate is a TCA cycle intermediate whose plasma elevation has been attributed to im-
paired fumarate hydratase activity or to reverse flux through a truncated TCA cycle in
hypoxic tumor regions [26,27]. Elevated plasma Fumarate has been documented in lung
and breast cancer without fumarate hydratase mutations [28-30]. At the pathway level
the TCA group carried a mean 72,,., of 0.043 against a mean ’7§m oking of 0.001 (Figure 5B).
Glucose was selected by all four methods, consistent with reports of elevated plasma
Glucose across tumor types [31] and with altered systemic Glucose handling under the
Warburg effect [32].

3.4.3. Amino Acids, Sphingolipids, and Microbial Metabolites

Glycine, Lysine, Methionine, Proline, and Tryptophan reflect the broad amino acid
reprogramming described in proliferating tumors [33,34]. Glycine depletion is a recurrent
finding across tumor types and is usually related to nucleotide and glutathione demand [35].
Methionine is discussed in terms of one-carbon and S-adenosylmethionine cycling [36], and
Lysine alterations have been reported in lung adenocarcinoma plasma [37-39]. Tryptophan
depletion is commonly attributed to diversion toward the Kynurenine pathway [40-42].
Smoking-attributable variance is low for all five, including Lysine (Figure 8F).
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SM (C18:0 was selected by all four methods with a LASSO-stable positive coefficient.
Elevated plasma Sphingomyelins have been interpreted as reflecting impaired Ceramide-
mediated apoptotic signaling in both breast and lung tumors [43-45]. Benzoic Acid, also
selected by all four methods (LASSO coefficient +0.111 at C = 0.05), is a product of aromatic
amino acid catabolism partly mediated by gut microbial hippurate metabolism [46], and
altered benzoate cycling has been reported in lung cancer [47] and among metabolites
associated with cancer incidence in prospective breast cancer analyses [48].

3.4.4. Pathway-Level Structure

KEGG annotation assigned the 19 panel metabolites to 11 pathway categories. Sec-
ondary metabolite biosynthesis (mean 72, = 0.055) and the TCA cycle (0.043) carry the
largest per-pathway cancer effect sizes. Glycerophospholipid metabolism is both the most
enriched and the most represented category (Figure 6), which is the clearest pathway-level
signal the panel supports.
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Figure 6. Pathway enrichment for the selected 19-metabolite panel. Bubble plot showing pathway
enrichment based on mean cancer effect size (772) and statistical significance (—log;, FDR), with
bubble size proportional to metabolite count. Glycerophospholipid metabolism (GPC), TCA Cycle,
and secondary metabolite biosynthesis emerge as the most enriched pathways with the strongest

cancer-associated effects.

Within-pathway smoking stratification (Figure 7) shows that case—control separation is
maintained in never-smokers across pathways, with Mann-Whitney effect sizes in the never-
smoker subgroup comparable to those in ever-smokers. Within the never-smoker stratum
LysoPC a C16:0, Free Carnitine, Decadienoylcarnitine, and Fumaric Acid each differ signifi-
cantly between cases and controls (Mann-Whitney p < 0.001) (Figure 8A,B,D,E). At the
pathway level the aggregate difference is significant for glycerophospholipid metabolism
(p < 0.05), amino acid metabolism (p < 0.001), and fatty acid and Carnitine metabolism
(p < 0.001) (Figure 7).

The low smoking-attributable variance of the selected metabolites indicates that the
panel captures cancer-associated variation that is not explained by tobacco exposure in this
cohort. Whether this reflects tumor biology that is genuinely independent of smoking, as
opposed to exposure effects not captured by ever/never variable, cannot be determined

from these data.
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Figure 7. Metabolite abundance patterns within the metabolic pathways represented in the selected
panel. Amino acid metabolism, glycerophospholipid metabolism (GPC), and fatty acid/Carnitine
(FA /Carnitine) metabolism—case—control differences are consistently observed in never-smokers. Sta-
tistical annotations (Kruskal-Wallis and Mann-Whitney tests) indicate significant cancer-associated
shifts. KW, Kruskal-Wallis test across the four cancer x smoking groups; MW, Mann-Whitney U test

comparing cases and controls within the indicated stratum; * p < 0.05, *** p < 0.001.
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Figure 8. Smoking-stratified abundance of selected panel metabolites in composite rank order.
Differences between cases and controls are observed within never-smokers (Mann-Whitney tests),
indicating that these metabolites discriminate cancer status independently of smoking status in this
cohort. Cancer effect sizes (11(2:) are consistently larger than smoking effects (q%). MW, Mann-Whitney
U test comparing cases and controls within the never-smoker stratum; *** p < 0.001; ns, not significant.

4. Materials and Methods
4.1. Study Cohorts and Dataset Construction

Two independent metabolomics cohorts were combined for this analysis. The lung
cancer cohort comprised 800 participants (586 cases, 214 controls); 82.5% were current or
former smokers. The breast cancer cohort comprised 238 female participants (185 cases,
53 controls; 34.9% ever-smokers). Males were excluded given the breast cancer context,
with the consequence that cohort membership is partially confounded with sex. Smoking
status was encoded as binary (ever/never) based on self-report in both cohorts.

Both cohorts were profiled on the same Biocrates AbsoluteIDQ p180 Kit platform at
the Toronto Metabolomics Innovation Centre (TMIC). Raw concentration values below the
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lower limit of detection (LOD) were imputed with the LOD value from the instrument
calibration file. Metabolites with greater than 30% missingness were excluded prior to
analysis. Remaining missing values were imputed using k-nearest neighbors imputation
(k = 2, uniform weights).

Cohort integration resulted in a dataset of 129 metabolites from n = 1038 patients,
771 cancer cases (74.3%), 743 ever-smokers (71.6%), 295 never-smokers (28.4%). The full
analytical pipeline is summarized in Figure 1.

4.2. Two-Way ANOVA Signal Decomposition
For each of the 129 shared metabolites, we fitted the two-way ANOVA model:

log(concentration + 1) ~ C(cancer) + C(smoking) + C(cancer) x C(smoking) (1)

Partial eta-squared (17%) was computed as SSeftect/SStotal (Type Il sums of squares) for
each of the three terms. Raw p-values were corrected for multiple comparisons using the
Benjamini-Hochberg false discovery rate (FDR) procedure [49].

Metabolites were assigned to one of four signal classes:

*  Signal C (cancer-specific): Jcancer < 0.05 and ngmoking < 0.03;
*  Signal S (smoking-specific): smoking < 0.05 and Nincer < 0.03;

e Signal SNC (shared): ginteraction < 0.05;
¢  Unclassified: none of the above criteria met.

The 52 < 0.03 guard on the secondary axis prevents misclassification of metabolites
with modest cross-effects so that a metabolite is classified as smoking-affected only when
tobacco exposure accounts for appreciably more than a negligible share of its variance.
Because any such convention is to some degree arbitrary, the entire pipeline was repeated
across the threshold range 112 € {0.01,0.02,0.03,0.04,0.05,0.06} and the stability of both
the Signal C membership and the downstream never-smoker AUC assessed. Note that the
g < 0.05 significance criterion is applied independently of this threshold, so a metabolite
must satisfy both a statistical and an effect-size condition to be assigned to Signal C.

4.3. Feature Selection and Model Training

All four selection methods were applied exclusively to the 54 Signal C metabolites.
Metabolite concentrations were log-transformed (log(x + 1)) and standardized (z-score)
prior to all downstream analyses.

RFECV was performed using a Random Forest estimator (300 trees, maximum
depth = 8, minimum samples per leaf = 3). The optimal feature count was determined by
five-fold stratified cross-validation maximizing AUC. The minimum feature set size was
constrained to three.

Li-penalized logistic regression was fitted at ten regularization strengths spanning
C € {0.005,0.01,0.02,0.05,0.1,0.2,0.5,1.0,2.0,5.0}. Features retaining non-zero coefficients
at C = 0.05 (approximately 78% of features eliminated) were designated as LASSO-stable
and ranked by absolute coefficient magnitude at C = 1.0 for downstream sweeping.

An XGBoost classifier (300 estimators, maximum depth = 4, learning rate = 0.05,
subsampling = 0.8, column subsampling = 0.8) was trained on the full Signal C set. Features
were ranked by mean absolute SHAP value.

Mutual information (MI) between each Signal C metabolite and (i) the cancer label
and (ii) the smoking label was estimated using 100 permutations. Features satisfying
MI(cancer) > MI(smoking) were designated as cancer-dominant and ranked by their MI
ratio MI(cancer) /MI(smoking).
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To reduce dependence on any single ranking method, the top 25 metabolites from
each of the four ranked lists were combined by set union to form a candidate pool. Each
metabolite in the pool was assigned a composite importance score equal to the mean of its
normalized rank position across all four methods, where rank position was normalized by
dividing by N, the total number of Signal C metabolites (N = 54). Metabolites not appear-
ing in a given method’s top-25 were assigned a penalty rank of N + 1 before normalization.
The pool was sorted in ascending order of composite score to yield a single aggregated
ranked list, which was subjected to a feature-count sweep procedure to identify the optimal
set of biomarkers.

Smoking status was appended to every candidate subset and was exempt from elim-
ination by any selection method. The ANOVA decomposition removes tobacco-driven
metabolites from the feature space, while the smoking covariate supplies exposure status to
the model as observed information, removing the model’s incentive to reconstruct exposure
from residual tobacco-responsive variation among the retained analytes.

All models were evaluated by five-fold stratified cross-validation with a fixed random
seed (42) and identical fold assignments across every configuration, preserving the case—
control ratio within each fold. Smoker, and never-smoker AUCs were computed separately
within each held-out fold and averaged across the five folds. Reported standard errors are
the standard error of the mean across folds. Subgroup AUCs were computed only where
the held-out fold contained at least five subgroup members of both classes.

4.4. Limitations

The cross-sectional case—control design precludes causal inference, and analytical
validation, calibration, and clinical operating points remain to be established in an inde-
pendent external cohort. The cohort is enriched for cancer cases at 74.3% relative to any
screening population, sex could not be modeled separately because the breast cohort is
female only, and smoking was captured only as a self-reported binary variable, leaving
residual confounding by dose, duration, and recency. Adding cohort, age, and body mass
index as covariates changes Signal C membership substantially, with 37 of 54 metabolites
in common.

5. Conclusions

Applying two-way ANOVA-based signal decomposition to a combined lung-breast
cancer metabolomics dataset, we found that approximately 44% of a shared 129-metabolite
panel carried smoking-attributable variance exceeding its cancer-attributable variance. This
partition is the principal contribution of the study. A 19-metabolite Signal C panel with
smoking status as an input feature achieved a never-smoker AUC of 0.907 against 0.895
for the all-metabolite baseline, but after correction for the three strata tested, no stratum
showed a significant difference between the models. Removing the smoking covariate
abolished the effect. The panel retains discrimination while requiring 85% fewer metabolite
measurements. These results are internal to a single combined cohort and derive from
cross-validation within the discovery data. Validation in an external cohort, ideally a
prospectively collected never-smoker population with harmonized sample handling, is a
prerequisite for any further claim.
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