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Autoencoders reveal polyunsaturated fatty acids (PUFA)-
Related metabolic signature linked to cancer risk
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Summary eBioMedicine
Background Metabolomics is a valuable tool for characterising biological mechanisms involved in cancer develop- 2026;124: 106147
ment, but produces complex datasets with intricate interdependencies. While linear dimension reduction Pvblished Online xxx
techniques such as principal component analysis (PCA), have proven useful to summarise informative hidden ?gtlpg// /:;;:92/ (1>(2)é
patterns, biological evidence suggests metabolic relationships extend beyond linearity. Non-linear dimension 1061 zi7 S
reduction techniques, such as autoencoders (AEs), may identify more meaningful components.

Methods We applied AEs and PCA to metabolomic data available for 5828 matched case—control pairs from 8 cancer-
specific case—control studies nested within the European Prospective Investigation into Cancer and Nutrition (EPIC)
cohort, and compared their performance. We evaluated the association between components identified by AEs and
PCA with cancer risk, and explored the biological interpretation of components through their association with
genetic factors and selected biomarkers.

Findings PCA and AEs showed similar reconstruction performance. PCA’s first component (PCA.1) captured
phosphatidylcholines (PCs) as the primary source of variability and was associated with cancer risk. Conversely, AEs
decomposed PC metabolism into two components, one of which exhibited a stronger association with cancer risk
than PCA.1. Unlike PCA.1, this component was strongly associated with genetic variants mapping to the TMEM258
and FADS genes, key in polyunsaturated fatty acids (PUFA) biosynthesis and regulation. Consistently, the AE
component demonstrated stronger associations with circulating omega-3 and omega-6 PUFA levels than PCA.1.
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Interpretation Linear methods remain adequate for general dimension reduction. However, AEs better captured
specific pathways, identifying a component reflecting perturbations in PUFA metabolism associated with cancer risk.
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Research in context

Evidence before this study

Metabolomic processes are known to be complex, involving
numerous non-linear interactions between metabolites.
Nevertheless, commonly used frameworks for identifying
metabolic patterns typically rely on linear techniques such as
principal component analysis (PCA). It remains unclear
whether non-linear approaches can provide more detailed or
biologically meaningful insights. A previous study in 2021
investigated the use of variational autoencoders (VAEs) for
this purpose, but overall, the application of non-linear
methods in metabolomics remains relatively limited
compared to other omics disciplines.

Added value of this study

This study evaluates the utility of autoencoders for two key
tasks: dimensionality reduction (i.e., capturing essential
information and enabling data reconstruction) and pathway
recovery (i.e., identifying biologically meaningful
components). For dimensionality reduction, autoencoders

Introduction
Metabolomics, the comprehensive study of metabolites
in biological systems, offers a powerful approach for
investigating biochemical processes and disease
mechanisms.' In epidemiology, metabolomics has been
utilised to identify biomarkers** and elucidate meta-
bolic pathways possibly associated with disease risk,
such as cancer," diabetes,” and cardiovascular condi-
tions.* However, metabolomics datasets are often
characterised by high dimensionality and complex
correlation structures, reflecting the interconnected
nature of metabolites across metabolic pathways and
biological processes, making it challenging to interpret
results from studies that analyse metabolites individually,
without accounting for their underlying relationships.
Different analytical approaches were proposed to
account for the interconnections across metabolites and
better describe the overall metabolic landscape possibly
related to the studied outcome. Approaches such as
over-representation analysis’ typically rely on a two-step
strategy, first identifying a set of metabolites associated
with the outcome, then identifying significantly
impacted metabolomic pathways based on that set.

and linear methods performed comparably, suggesting that
metabolic variability is well-approximated by linear models.
However, autoencoders uncovered components reflecting
more nuanced biological processes. Notably, we identified a
distinct metabolic component associated with genetic
variants involved in polyunsaturated fatty acid (PUFA)
metabolism, which may help explain the observed
relationship between PUFA metabolism and cancer risk.

Implications of all the available evidence

Our findings suggest that while linear methods such as PCA
are adequate for general dimensionality reduction in
metabolomic data, incorporating non-linear approaches like
autoencoders can reveal more detailed biological insights,
particularly in the context of pathway-level analysis. From a
biomedical perspective, this work strengthens the evidence
linking PUFA metabolism to cancer risk and further suggests
that this relationship might be linked to underlying genetic
factors.

Other types of approaches, such as network-based
approaches'®'! integrate information on the underly-
ing relationships while assessing the association
between metabolites and the studied outcome to
directly identify groups of metabolites associated with
the outcome. Alternatively, dimension reduction tech-
niques can be used to derive metabolic components, or
latent variables, that summarise the set of metabolites
well and capture possibly relevant biological or metabolic
processes.'"

Principal component analysis (PCA)' and its super-
vised extensions, partial least squares discriminant
analysis or regression (PLS-DA and PLS-R),”" have
found widespread application in metabolomics to linearly
transform metabolic features into new components.'*?!
However, evidence suggests that metabolic relation-
ships extend beyond linearity, with metabolites exhibiting
nonlinear associations with outcomes such as birth
weight,” as well as established nonlinear pathway
fluxes.”*** Consequently, nonlinear dimension reduction
techniques, such as kernel principal component anal-
ysis® and variational autoencoders®*”” might outperform
their linear counterpart for the identification of metabolic
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components capturing relevant biological processes.”?’
In a recent analysis of metabolomics data in the
TwinsUK study,” metabolic components identified by
variational autoencoders performed well in terms
of biological informativeness and generalisability,
capturing metabolite interconnections more compre-
hensively and showing stronger associations with
disease outcomes compared to principal components.

Although promising, these results call for replication
given the limited application of autoencoders in
metabolomics compared to other -omic fields.***! In this
work, we investigated whether autoencoders** could
capture biological processes involved in carcinogenesis
better than standard PCA using targeted metabolomic
data available in the European Prospective Investigation
into Cancer and Nutrition* (EPIC) study. To compare
the biological relevance of the components identified by
both approaches, we evaluated their associations with the
risk of eight cancer types, including breast, colorectal,
endometrial, gallbladder and biliary tract, kidney,
localised and advanced prostate cancers, and hepatocel-
lular carcinoma. Additionally, we explored the genetic
determinants of components of interest through a
Genome-Wide Association Study (GWAS) and investi-
gated their association with dietary factors and circulating
levels of selected blood biomarkers.

Methods
An overview of the methodology employed in this paper
can be found in Fig. 1.

Study population

The EPIC cohort

The EPIC cohort is an ongoing multicentric prospective
study involving over 500,000 men and women recruited
between 1992 and 2000 from 23 centres in 10 European
countries,* originally designed to study the relationship
between diet and cancer risk. Incident cancer cases
were identified through a combination of health in-
surance records, cancer and pathology registries, and
active follow-up with participants and their next-of-kin.
At recruitment, participants provided information on
their diet and lifestyle through self-administered ques-
tionnaires, and blood samples were collected from
approximately 386,000 individuals using a standardised
protocol. Details on blood fraction storage, processing,
and handling are provided in the Supplementary
Materials. Fasting was not required.

Ethics statement

This study was conducted in accordance with the
Declaration of Helsinki. EPIC was approved by the
Ethics Committee of the International Agency for
Research on Cancer (IARC) (ref IEC 14-02), Lyon,
France, as well as the local ethics committees of the
study centres. All participants provided written
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informed consent for data collection and storage as well
as individual follow-up. The seven case—control studies
nested within EPIC, were approved by the ethics com-
mittee at IARC (details in Supplementary Materials).

Statistics—construction of the metabolic
components

Metabolomic measurements

Our analyses used metabolomics measurements from
15,948 EPIC participants across seven cancer-specific
matched case—control studies nested within EPIC
(Table 1), which were described in detail elsewhere.”
Briefly, in each study, one matched control was
randomly selected from the risk set of the index case,*
and matching factors included study centre, sex
(self-reported), age at blood collection, time of day of
blood collection, fasting status, and for women, the use
of exogenous hormones and menopausal status.
Metabolite data were acquired for 117 metabolites us-
ing Biocrates AbsoluteIDQ p150 or p180 kits via liquid
chromatography-tandem mass spectrometry (LC-MS/MS)
for amino acids and biogenic amines, and flow injection
analysis-tandem mass spectrometry (FIA-MS/MS) for
other metabolites. Samples were either serum or citrate
plasma, with all samples in a study using the same matrix,
except for the breast cancer study (Table 1). The data
was pre-processed following an established procedure®*”
to ensure comparability across multiple studies
(Supplementary Materials, section 1.A.a).

Dimensionality reduction techniques

PCA is a common dimensionality reduction method
that transforms the original variables into a set of
uncorrelated components, ranked by explained vari-
ance. However, PCA is limited by its reliance on linear
combinations of the initial variables.'>?*** In contrast,
more flexible methods like Kernel Principal Component
Analysis (KPCA) capture non-linear patterns using
kernel functions,” while autoencoders (AE) rely on
neural network-based non-linear mappings to compress
high-dimensional data into lower-dimensional repre-
sentations.”>” Additional methodological details are
provided in Supplementary Materials (section I.B).

Implementation, notation and reconstruction performance

Full details about the implementation of the AEs, KPCA
and PCA can be found in the Supplementary Materials,
section [.B.d. Briefly, we explored the impact of neural
network depth by implementing two distinct AE
architectures, each comprising an input layer, with
either one or two intermediate layers in the encoder, a
latent layer, a decoder symmetrically mirroring the
encoder and an output layer (Supplementary Figure 1).
Several versions of KPCA were implemented using, in
turn, cosine, polynomial, and radial basis function
(RBF) kernels. Models were compared through their
reconstruction performance, defined as the ability to
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Fig. 1: Overview of the methodology. Panel A: Metabolic components are derived using principal component analysis (PCA) or autoencoders
(AE). Their relationships with the original features are assessed, along with information loss during dimensionality reduction. Panel B:
Components are analysed for associations with eight different cancer risks in a mutually adjusted framework (left). Redundant components
are further examined for associations with genetic variants, selected blood biomarkers, and dietary intakes.

reconstruct the original metabolomic data from the
components (Supplementary Materials).

To differentiate the various components derived in
this work, we use the notation M.k to refer to the k-th
component produced by method M. For instance, the
first principal component produced by PCA is denoted
by PCA.1.

Relationship with the original metabolites
Because the principal components are defined as linear
combinations of the initial variables, their relationship

with the original metabolites is fully determined by the
weights assigned to each metabolite. In contrast, there
is typically no simple mapping from the components
identified by non-linear methods back to the original
features. Here, we adopted the following strategy to
assess the relationship between the original metabolites
and the components identified by AEs and KPCA. We
evaluated the nonlinearity of the components by
computing the coefficient of determination (R?) from a
linear regression of each component on the original
metabolites. Components with large R> are well
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approximated by a linear combination of the original
metabolites, which can be used to characterise their
relationships with the original metabolites.

For AE components with a low R? we used inte-
grated gradients (IG) to characterise their relationship
with the original metabolites.” This technique de-
termines the contribution of each metabolite to a given
component by measuring how much the component
changes as the metabolite level is linearly interpolated
from 0 to its actual value (Supplementary Materials,
section 1.B.e). The IG contribution was calculated
separately for samples with high and low values of the
components of interest, specifically those in the 1st and
9th deciles.

Statistics—biological relevance of the components
To better understand the metabolic and biological sig-
nificance of the components, we evaluated their asso-
ciations with a range of factors.

Association with cancer risk

We examined the association between the components
identified by the various approaches and cancer risk
through multivariate conditional logistic regression
models. A data-shared lasso penalty** was applied to
identify components associated with overall and/or
type-specific cancer risk. The data shared lasso de-
composes each component’s odds-ratio into an overall
odds-ratio and type-specific deviations around this
overall odds-ratio and, under technical assumptions,
allows the identification of non-zero overall association
with cancer risk as well as non-zero cancer-specific
deviations from this overall association (see
Supplementary Materials, section 1.C.a). These models
were additionally adjusted for BMI using the residual
method via component specific linear models.

We first considered approach-specific models
assessing the associations between the metabolic com-
ponents and cancer risk for each method, referring to
each model as the method-baseline model. For instance,
the model examining the associations between cancer
risk and the principal components is termed the PCA-
baseline model. Additionally, we considered an
extended model incorporating all the metabolic compo-
nents to evaluate potential redundancies across methods
and determine whether some components were stronger
cancer risk predictors than those identified by other ap-
proaches (Fig. 1, lower panel).

To assess the robustness of both the baseline and
extended models, we applied all three approaches
repeatedly to 50 bootstrap samples generated from the
original dataset.”

Associations with genetic variants

To explore the potential biological meaning of the
metabolic components, we investigated whether they
were associated with specific genetic variants.

www.thelancet.com Vol 124 February, 2026

Cancer site Number of Matrix Laboratory Kit Used
samples
Breast 3172 Citrate plasma® IARC p130
Colorectal (Study 1) 946 Citrate plasma IARC p180
Colorectal (Study 2) 2295 Serum HzM® p150
Endometrial 1706 Citrate plasma ICL p180
Liver 662 Serum IARC p180
Kidney 1213 Citrate plasma IARC p180
Prostate 6020 Citrate plasma IARC p180
2Except Swedish participants (n = 101; EDTA plasma). "Helmhotz Zentrum Minchen. ‘Imperial College London.
Table 1: Description of the original seven cancer-specific matched case-control studies nested
within EPIC.

Genotype data was assessed in the EPIC cohort
across 14 studies in the form of Single Nucleotide
Polymorphisms (SNPs). SNPs represent a common
form of genetic variation wherein a single nucleotide in
the DNA sequence of a gene differs among individuals
or populations. They are the most common type of
genetic variation in humans and can be found
throughout the genome. A total of 5400 individuals had
both SNP and metabolomic data available. DNA sam-
ples were genotyped via various platforms a
(Supplementary Table 1), and genome-wide data were
normalised and imputed to the 1000 Genomes Project
Phase 3 v5 in Genome Reference Consortium Human
Build 37 using an automated pipeline detailed else-
where* and in the Supplementary Materials.

We examined the connection between the metabolic
components and SNPs, using a two-step approach: (i) we
conducted GWAS within each individual sub-study; and
(ii) we then meta-analysed the results using an inverse-
variance weighted framework. Additional examination of
the results was carried out using the Functional Mapping
and Annotation of Genome-Wide Association Studies
(FUMA GWAS) platform.” In addition, colocalisation
analysis was performed using coloc + SuSiE*, a Bayesian
method that estimates the probability of shared causal
variants between traits and allows for the comparison of
significant loci across metabolic components. We report
posterior probabilities of colocalisation (PP4) across cred-
ible sets derived by SuSiE.

Additional details about the models, thresholds and
softwares used for implementation can be found in the
Supplementary Materials.

Associations with fatty acids and dietary intake

To further evaluate the Dbiological relevance of the
metabolic components, we examined their associations
with circulating fatty acids and dietary intake.

Levels of 31 fatty acids were measured in eight EPIC
studies using gas chromatography, following stand-
ardised protocols.”** Due to differences in data pre-
processing, a meta-analysis approach was used to assess
the association between circulating fatty acid levels and
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metabolic components, with linear models adjusted for
BMI, centre of recruitment, age, alcohol intake, smok-
ing status, waist circumference, height, and physical
activity.****° Further details on data acquisition and
preprocessing, and analytical procedures are provided
in the Supplementary Materials, section I.A.c. Sample
sizes are listed in Supplementary Table 2.

Associations between metabolic components and
self-reported intake of five pre-defines dietary factors
(vegetables; fruits, nuts, and seeds; dairy; meat; and
fish) were examined using linear regression models.
These dietary variables were derived directly from the
EPIC food-frequency questionnaires completed at
recruitment. Models were adjusted for BMI, age at
blood collection, country, sex, alcohol intake, fasting
status, and total energy intake. Analyses were limited to
control participants to reduce selection bias.

Role of the funding source

The funders had no role in the study design, data
collection, data analysis, interpretation or writing of this
report.

Results

Study population

After the preprocessing and exclusions described in the
Supplementary Materials, the study population con-
sisted of 11,398 EPIC participants, forming 5699
matched case—control pairs. Cases were diagnosed at an
average age of 67.6 years, 11.6 years after blood collection.
Supplementary Table 3 presents the main characteristics
of the cases and controls for each study. The primary
analysis concentrated on 117 metabolites retained after
preprocessing, as detailed in Supplementary Table 4.

Construction of the latent components
Supplementary Figure 2 illustrates the reconstruction
error with regard to the dimension d of the latent space.
Overall, PCA and AEs performed similarly well in
terms of reconstruction (Supplementary Figure 2A),
while KPCA reconstruction performance depended on
the choice of the kernel (Supplementary Figure 2B).
The RBF kernel performed poorly, suggesting that this
kernel, designed to enforce non-linearity, may not be
optimal. Cosine and polynomial kernels yielded better
results, but their components were predominantly
linear (Supplementary Figure 3) and nearly identical to
the PCA components (Supplementary Figure 4). Given
these findings, we excluded KPCA from further anal-
ysis and focused on PCA and AEs.

Notably, the value of the latent dimension d affected
the linearity of the AE components (Supplementary
Figure 3), with median R”> decreasing from
0.96 at d = 20 to 0.81 at d = 5, indicating increased non-
linearity. To assess the possible added value of non-
linear components compared to those derived from

PCA, we decided to consider components produced by a
double-layer AE with a latent dimensionality of 5,
referred to as DAES. For PCA, we opted for d = 20,
accounting for 85% of the data variance.

Association with cancer risk
The results from our analyses based on the data-shared
lasso are presented in Fig. 2. In the PCA baseline
model, we identified four overall associations with
cancer risk, comprising two inverse (PCA.1 and
PCA.17) and two positive associations (PCA.9 and
PCA.20). Type-specific associations were also identified
with breast cancer (PCA.4, PCA.6), colorectal cancer
(PCA.17), endometrial cancer (PCA.18), kidney cancer
(PCA.10, PCA.12), HCC (PCA.8, PCA.19), and
advanced and localised prostate cancer (PCA.3 and
PCA.10, respectively). Furthermore, the AE-baseline
model showed an inverse association between DAES.4
and overall cancer risk, except for localised prostate
cancer where the association with DAES5.4 was positive.
In the extended model comprising the first 20
principal components and the five DAE5 components,
the associations between the components and overall
cancer risk identified in the two baseline models all
persisted, save for the negative association between
overall cancer risk and PCA.1. Supplementary Table 5
illustrates that the association between PCA.1 and
overall cancer risk weakened after the inclusion of
component DAES.4, specifically. This was further sup-
ported by our bootstrap analysis. In the extended
model, the association between PCA.1 and overall
cancer risk was identified in only 20% of bootstrap
samples, compared to 56% in the PCA-baseline model.
Meanwhile, the association between DAES5.4 and overall
cancer risk was identified in 62% of bootstrap samples
in the extended model, whereas in the AE-baseline
model, it was identified in 88% of bootstrap samples.
This suggests that DAES5.4 might better capture infor-
mation on certain metabolomic mechanisms linked to
overall cancer risk than the first principal component
PCA.1.

Interpretation of DAE5.4 and comparison with
PCA.1

As illustrated in Supplementary Figure 4, PCA.1 was
recovered by multiple methods. This is in line with the
fact that it captures the main source of variability in the
metabolic data. Interestingly, DAES was the only method
that did not directly encode PCA.1 but rather decon-
structed it into two components, DAE5.4 and DAES.5.

Relationship with the original metabolites

DAE5.4 was relatively well approximated by a linear
combination of the original metabolites (with an R* of
0.891) and showed strong positive correlations with
several phosphatidylcholines (Fig. 3, upper panel). The
top 10 features with the highest IG contributions for
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Fig. 2: Mutually adjusted associations between latent components and the risk of the eight cancer types, using a data shared lasso
penalty. The x-axis represents 25 metabolic components (20 principal components and 5 components derived from an autoencoder [AE]),
while the y-axis represents the eight cancer types of interest. PCA and AE baseline models examine associations between cancer risk and
components derived from PCA and AE, respectively, whereas the extended model considers all 25 components. White cells indicate no
detected associations, while green and red cells represent inverse and positive associations, respectively. Colour intensity corresponds to the
absolute value of the log-odds ratio, re-estimated using multivariate, unpenalised conditional regression models (Supplementary Materials).
HCC stands for hepatocellular carcinoma, while Adv. Prostate and Loc. Prostate stand for advanced prostate cancer and localised prostate

cancer respectively.

both high and low levels of DAES5.4 are shown in Fig. 3,
lower panel. The primary contributor, for both high and
low DAES5.4 levels, was PC ae C38:6, whose correlation
with DAE5.4 was 0.771. Notably, all the top 10 con-
tributors to high levels of DAE5.4 were phosphatidyl-
cholines. In the case of low DAE5.4 levels,
phosphatidylcholines remained prominent, accounting
for seven of the top 10 features, but acylcarnitines also
appeared as contributors. By contrast PCA.1 broadly
captured PCs and Sphingomyelins (SMs). As shown in
Supplementary Figure 5, the correlation between PCA.1
and PCs and SMs was consistently above 0.4, and
generally high, compared to the more selective profile
of DAE5.4

www.thelancet.com Vol 124 February, 2026

Association with genetic variants

Fig. 4 displays the results of the meta-analysed GWAS
results for PCA.1 and DAES5.4. No significant hetero-
geneity across studies was detected for either
component.

Both PCA.1 and DAE5.4 exhibited genome-wide
significant loci, with a notably shared peak located on
11q12.2-12.3. This region is the most prominent signal
for DAES.4, reaching a minimum p-value of 2.107%,
whereas the corresponding peak in PCA.1 was less
significant (minimum p-value 2.10™"). The difference
in effect sizes and the presence of an additional locus
(15q21.3) associated with PCA.1 suggest that while
PCA.1 and DAE54 likely capture overlapping
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Fig. 3: Relationship between PCA.1, DAES.4, and the original features. Upper panel: Pearson correlations between the original metabolites
and the first principal component (PCA.1) as well as DAE5.4. Lower panel: Contribution of the original metabolites to low and high values of
DAES.4, estimated using Integrated Gradients (IG; see Supplementary Materials). PC and SM stand for phosphatidylcholine and sphingo-

myelin, respectively.

processes, DAES5.4 might capture a mechanism more
strongly associated with baseline genetics.

Closer examination of the 11q12.2-12.3 locus showed
that genome-wide significant SNPs for DAE5.4 and
PCA.1 mapped to the FADS genes cluster, as well as
TMEM258, MYRF and FENI nearby genes. Initial LD-
based grouping with FUMA identified nine significant
SNPs associated with DAES5.4 (see Table 2A), and three
significant SNPs associated with PCA.1 (Table 2B). Fine-
mapping with SuSiE identified two 95% credible sets for
DAES.4 (led by rs102274 and rs7394579, mapped to
TMEM258 and FADS2 respectively), and for PCA.1
(rs174592 and rs7394579, both mapped to FADS2), with
strong evidence of colocalisation between the two traits
(PP4 of 0.91 and 0.99 for matched credible sets). These
results indicate that DAES.4 and PCA.1 share two fine-
mapped causal signals at 11q12.2-12.3, centred on
TMEM258 and FADS?2.

Both TMEM258 and FADS2 have established links to
the biosynthesis and regulation of polyunsaturated fatty
acids (PUFAs). Consistent with this, DAE5.4 showed
strong positive associations with circulating omega-3
PUFAs, including docosahexaenoic acid (DHA) and
eicosapentaenoic acid (EPA), as well as inverse associa-
tions with certain omega-6 PUFAs, such as dihomo-
y-linolenic acid. Additionally, DAE5.4 was associated
with dietary intake of fish and shellfish, further impli-
cating this component in PUFA-related metabolic path-
ways. In line with the GWAS findings, PCA.1 also
showed similar but weaker associations with fish intake
and circulating omega-3 and omega-6 PUFAs (see
Supplementary Materials, section IL.C for a more
detailed description of those results, Supplementary
Figure 6, Supplementary Tables 6 and 7).

Discussion
We used EPIC metabolomic data to derive and compare
metabolic latent components using AEs, standard PCA

and KPCA. In our analysis, a consistent observation
across various methodologies was the absence of a clear
plateau in the reconstruction curves with regard to
latent dimensionality d, making the selection of the
most appropriate latent dimensionality non-trivial
(Supplementary Figure 2). We observed that AEs ten-
ded to reconstruct linear latent variables when the
latent dimensionality was sufficiently large, and that
KPCA consistently recovered the majority of the prin-
cipal components (Supplementary Materials section
II.A, Supplementary Figure 4). Consequently, in the
context of typical dimensionality reduction scenarios,
our results suggested that linear dimension reduction
methods were appropriate if the primary objective was
data reconstruction.

The architecture choice for the autoencoder (double-
layered, d = 5) was deliberate to explore non-linear
representations departing from PCA. Increasing
d leads to representations that closely approximate the
linear subspace spanned by the first principal compo-
nents, effectively reproducing PCA.** A lower latent
dimensionality (here, 5) is thus essential to enforce
non-linearity. The architecture choice intentionally
emphasises non-linear structure rather than max-
imising reconstruction accuracy, which would other-
wise favour a linear (PCA-like) solution. This setting,
while suboptimal from a dimensionality reduction
point of view, allowed DAES to capture relevant com-
ponents. For instance, DAE5 was the only method that
decomposed the PC metabolism into two components,
DAE5.4 and DAES5.5, whereas all other methods
recovered a single dominant component involving all of
the PCs (PCA.1, as shown in Supplementary Figure 4),
while the relationship between PCs and DAES.4 was
notably sparser. This shows that DAE5 was able to
disentangle distinct biological signals into two more
specific mechanisms, including DAES.4 which captures
the PUFA metabolism. Additionally, DAE5.4 reflected
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A Associations between genetic variants, PCA.1 and DAE5.4

DAES5.4 (top) vs PCA.1 (bottom)
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Fig. 4: Associations between genetic variants, PCA.1 and DAES5.4. Panel A: The x-axis displays chromosomal positions of SNPs associated
with the latent component of interest. The y-axis displays -log10(P-values) obtained from a meta-analysis of genome-wide summary
statistics from linear regression models using genetic variants as exposures and standardised component levels as outcomes run within each
contributing study (Methods, Supplementary Materials). The dashed red line indicates the significance threshold of 5.107%. Panel B: Regional
association plots at 11q12.2-12.3, showing the main locus of association. Plots for PCA.1 and DAE5.4 are stacked on the right-hand side, and
a z-z plot of DAES.4 versus PCA.1 is displayed on the left, where the z-score is defined as effect estimate divided by standard error. The two
highlighted SNPs correspond to the lead SNPs tagging the SuSiE credible sets identified for DAE5.4. SNPs are coloured according to linkage
disequilibrium (LD) with the lead SNP (rs102274), defined as the variant with the lowest P-value in the region. BP stands for base pair.

more complex dependencies, evidenced by its IG
contribution scores, which varied across high and low
DAES.4 values, reflecting the nonlinear relationship
between DAE5.4 and its main contributors. The link
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between fatty acids and DAE5.4 also supports specific
PCs as main contributors. The link between PCs and
fatty acids is well-established, as PCs consist of two fatty
acid chains attached to a glycerol backbone.” For
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A. DAE5.4

rsID Chromosome Position (hg19) P-value nSNPs Mapped gene

15102274 11 61557826 2.36E-28 62 TMEM258

15174604 11 61626270 3.01E-17 28 FADS2

rs174593 11 61618831 1.39E-16 18 FADS2

1561896141 11 61556039 1.76E-14 7 TMEM258/MYRF

15174621 11 61630104 7.75E-11 19 FADS2

15174620 11 61629747 3.58E-10 19 FADS2

12727270 11 61603237 4.21E-09 11 FADS2

1s509360 11 61548559 6.96E-09 1 MYRF

15174460 11 61657110 1.39E-08 21 FADS3

B. PCA.1

rsID Chromosome Position (hg19) P-value nSNPs Mapped gene

15174592 11 61618608 2.21E-11 60 FADS2

1534212714 11 61625723 1.44E-10 21 FADS2

157394579 11 61581450 9.52E-09 55 FADS2
Independent SNPs are defined as genome-wide significant variants (p-value < 5e-8) that are not in high linkage disequilibrium (LD) with one another (r* < 0.6). Genomic
positions are based on the hg19 reference genome. nSNPs refers to the number of genome-wide significant SNPs in high LD (r* > 0.6) with the SNP of interest. Gene
annotations are assigned using ANNOVAR. Multiple mappings indicate intergenic SNPs annotated to the nearest gene.
Table 2: Independent significant SNPs associated with DAE5.4 and with PCA.1 at the 11q12.2-12.3 locus.

instance, the primary DAES5.4 contributor, PC ae C38:6
(as per the Biocrates naming convention) can refer to
molecular structures like PC(O-16:0/22:6), PC(22:6/15:0),
or PC(P-18:0/20:5) that include fatty acid chains formed
from DHA (22:6) and EPA (20:5), both associated with
DAES.4. More generally, DAES5.4 is more strongly asso-
ciated with PUFAs specifically that its PCA.1 counterpart,
with more than half of the significant associations
observed being between DAE54 and a PUFA
(Supplementary Table 6). This supports DAE5.4 capturing
a more specific mechanism than bulk fatty acid meta-
bolism. The genetics also supports this, with DAES5.4
showing notably stronger associations with the FADS/
TMEM258 genes than PCA.1. FADS1 and FADS2 genes
encode enzymes crucial for converting precursor fatty
acids into long-chain PUFAs,* while TMEM258 is a
transmembrane protein involved in the regulation of
endoplasmic reticulum (ER) stress and protein glycosyla-
tion, implicated in PUFA metabolism through its role in
coordinating lipid biosynthesis and inflammatory signal-
ling pathways. Those three genes have previously been
shown to be associated with PC levels in previous GWAS
of various ancestries,”® with the stronger association
with DAE5.4 suggesting that DAES.4 may better reflect
genetically influenced variation in PCs and PUFAs
metabolism.

The association between DAES5.4 and cancer risk
was also consistent with previous literature, as phos-
phatidylcholines have been linked with cancer risk by
numerous studies.***'** Omega-3 PUFAs, notably
found in fish, have been shown to have anti-
inflammatory effects, while high intake of omega-6
PUFAs may promote inflammation and tumour

growth.®>* These findings align with the direction of
associations observed in our study, which examined the
relationships between blood levels of FAs, dietary fac-
tors, and cancer risk through DAES.4 and, to lesser
extent, PCA.1. Supporting the specificity of DAE5.4, a
prior pan-cancer study® using the same dataset identi-
fied a possible association between overall cancer risk
and a specific cluster of phosphatidylcholines, notably
including the main contributor to DAE5.4, PC ae C38:6.
A similar type-specific deviation was already observed
in localised prostate cancer, mirroring the DAES5.4
pattern. Differences have been observed previously
across metabolomic profiles associated with advanced
or localised prostate cancer,*” possibly attributable to
reverse causation.®® The association between cancer and
DAES.4 specifically, rather than PCA.1, suggests that
genetic factors implicated in PUFA metabolism may
contribute more strongly to cancer risk. Consistent with
this, a study in a Chinese population reported associa-
tions between serum fatty acid levels and seven SNPs
(six of which were present in our analysis and signifi-
cantly associated with DAES5.4), suggesting that these
effects may be mediated by both gene transcription and
DNA methylation.”” These findings support the hy-
pothesis that genetic variation may modulate the rela-
tionship between dietary PUFA intake and cancer
susceptibility. Further support comes from a Mendelian
randomisation study that investigated the causal rele-
vance of PUFAs for risk of cancer,” and revealed sig-
nificant positive associations between genetically
proxied PUFA desaturase activity and colorectal, skin,
and lung cancers. Positive, though non-significant, as-
sociations were also observed for liver, kidney, breast,
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and early-onset prostate cancers, as well as overall
cancer risk. Negative associations were reported for
endometrial cancer and advanced prostate cancer, still
not reaching statistical significance. Recent studies
have also linked increased expression of FADS2 and
TMEM258 with the regulation of CD4+ T-cell expres-
sion in colorectal cancer.”” Complementary evidence
from CRISPR-based loss-of-function screening sug-
gests that TM EM 258 may be essential for the survival of
certain cancer cell lines, although the majority of lines
showed only borderline dependency.”” FADSI1-FADS2
polymorphisms have been linked to the regulation of
fatty acid metabolism,”® with experimental studies
showing that perturbation of FADS-mediated desatu-
ration can induce ER stress and UPR activation,” while
induced desaturation via FADS2 may help cells miti-
gate ER stress.”* TMEM258, which lies in the same
regulatory region, participates in the oligosaccharyl-
transferase complex and can influence ER homoeo-
stasis,”” which supports the link between the DAES5.4
genetic signal and cancer-related cellular stress
response.

While decomposing the PC metabolism via DAES5
provided deeper insights into PUFAs and cancer risk, it
is worth noting that PCA identified several cancer-
associated components missed by the DAE5 model.
At the model level, PCA with a similar level of
compression as DAES (i.e restricted to the first five
principal components) identified two components
associated with advanced prostate cancer and breast
cancer, that were not captured by DAES. Conversely,
DAES captured the association with localised prostate
cancer that PCA missed. This highlights that neither
method is universally superior, with each approach of-
fering distinct advantages depending on the biological
context. While DAES effectively captured nuanced sig-
nals within PC metabolism, its performance may not
extend equally to other pathways or metabolite classes
where linear approaches such as PCA perform better.

Our analysis has several strengths and limitations. It
leverages a large population of over 11,000 individuals
to derive metabolomic components, providing a robust
basis for analysis. Additionally, by integrating multiple
data sources, including genetic variants, blood fatty acid
levels, and dietary questionnaires, the study offers a
comprehensive interpretation of the components,
yielding valuable insights into cancer biology. However,
a limitation stems from the non-uniqueness of the AE
components,”® as highlighted for instance in the linear
case by Baldi et al.”* Additionally, the representations
learnt by AEs are inherently architecture dependent,
meaning that different network designs may yield
distinct latent structures even when trained on the
same data, which complicates generalisation. This
could be addressed by investigating supervised ap-
proaches, akin to the methodology proposed by Tan
et al.,”” offering greater control over the learning
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process and potentially yielding more robust represen-
tations, and by exploring more complex architectures
such as variational autoencoders (VAE)* or f-VAE.®
Finally, because the study is observational, reverse
causation cannot be ruled out, and observed metabolic
changes may reflect early disease processes.

In conclusion, our analysis highlights the strength
of using non-linear dimension reduction techniques
such as AEs in cancer metabolomics. Despite some
limitations related to instability and non-uniqueness,
AEs identified a metabolic component that reflected
metabolic perturbations linked to both PUFA meta-
bolism and cancer risk more finely than principal
components.
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