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Abstract Lipidomics involves the analysis of hun-
dreds or even thousands of lipids within biological 
systems. Many of these lipids are highly correlated 
due to similarities in structure or relationships 
within metabolic pathways. Eigenlipids, as a concept 
ported over from transcriptomics, can be used to 
capture these associations and to explore relation-
ships between their constituent lipids and pheno-
types of interest. However, gene expression and lipid 
concentration data differ in how they are structured, 
requiring additional considerations for eigenlipid
analysis. In this review, we discuss how eigenli-
pids are generated, how they are used to explore 
lipid metabolism and biology, possible usage pitfalls 
and finally potential future methodological de-
velopments, such as alternative dimensionality 
reduction methods and generating eigenlipids for 
predefined lipid sets instead of unsupervised 
clusters.
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The field of lipidomics aims to characterize the 
entire lipidome of biological systems and study their 
relationship to observable phenotypes. Thousands of 
lipid metabolites are essential for living systems, and 
though lipidomic studies used to be restricted to the 
analysis of a few hundred metabolites across a limited 
number of samples, the last decade has seen an ex-
plosion in both the depth and breadth of lipids 
analyzed, as well as in sample sizes, particularly in hu-
man population studies. Lipidomics data analysis has 
thus required the development of new tools to aid in 
the interpretation of the large numbers of lipids now 
routinely measured. Eigenlipids are one such tool.

Eigenlipids provide a way to summarize groups of 
highly correlated lipids and thereby analyze pheno-
typic associations with only a reduced set of sum-
maries. This tool has rapidly gained popularity, and 
eigenlipid studies now cover a wide variety of human 
pathologies, as well as other organisms, including 
plants, microorganisms, and animals (1–8).
Eigenlipid analysis involves generating low-

dimensional representations of clusters of lipids. As 
first popularized in transcriptomics, the typical first 
step is to create a correlation-based dissimilarity ma-
trix, which is then used to cluster the lipids. For each 
cluster (commonly referred to as a "module"), principal 
component analysis (PCA) is performed. The obtained 
principal components are ordered by the fraction of 
total variance they capture, and the first principal 
component is taken as the module’s eigenlipid repre-
sentation. This approach summarizes the variations of 
multiple highly correlated lipids, which are assumed to 
be biologically related through lipid metabolism. 
These eigenlipids can then be used to examine associ-
ations between lipid clusters and phenotypes.
However, there are potential limitations to the 

application of eigenlipids generated using this 
approach. Eigenlipid methodology has largely fol-
lowed transcriptomic eigengene methodologies. As a 
result, studies have focused on only the first eigenlipid 
that represents mostly a single source of variation. This 
is done by raising the power of the correlation matrix 
exponent to maximize the tightness of clusters (i.e. a 
high correlation between lipids within a cluster) (9, 10). 
This approach may not be fully applicable to lip-
idomics, where lipids may be synthesized along parallel 
metabolic pathways or affected by multiple lipid fea-
tures, such as fatty acyl chain length or headgroup,
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leading to more complex or interconnected correlation 
structures than the typical hub model used in
transcriptomics.
In this review, we first explore the background and

current state of eigenlipids, before considering exten-
sions to typical eigenlipid analysis methodology (Fig. 1).
We begin by discussing eigenlipid methodology in 
terms of its construction and highlight how eigenlipids 
are used to explore lipid metabolism within biological 
systems. We then address the limitations of typical 
approaches and discuss alternative strategies for 
eigenlipid generation.

EIGENLIPIDS IN THE LITERATURE

The transfer of the eigengene concept to lipidomics 
is a relatively recent phenomenon, with most studies 
published only in the past three to six years. That said, 
these studies now cover a wide range of pathologies 
and organisms, including plants, animals and micro-
organisms, with varying levels of lipid coverage and 
study design.
There are several different types of study designs 

incorporating eigenlipids in the literature. Mishra et al. 
(3), reported a population-based study that modeled

Fig. 1. Overview of the creation and application of eigenlipids in lipidomics. (1) Lipid collection provides a data matrix of lipid 
concentrations; (2) clustering is then performed using a dissimilarity matrix to form module eigenlipids (ME) clusters that are used 
to then perform PCA; (3) the loadings and scores are then used to analyze eigenlipids with a variety of statistical techniques.
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the association of eigenlipids with osteoporosis and 
atherosclerosis, and also compared eigenvalues to un-
derstand the effect of disease states on the lipidome of 
individuals in the cohort. They optimized the dissimi-
larity matrix for scale-free topology, using methods 
commonly applied from the Weighted Gene Correla-
tion Network Analysis (WGCNA) R package. Other 
studies, such as Zhou et al. (8) and Serra et al. (11), 
focused on examining relationships within metabolic 
networks to assess the collective association of lipids 
along metabolic pathways. In this context, eigenlipids 
were used to explore the interrelationships between 
lipids and various diseases. Others, such as Vacy et al. 
(5), focused on identifying hub lipids within clusters of 
eigenlipids that were highly correlated with disease. 
Further details can be found in Table 1. With these

published eigenlipid applications in mind, we next 
summarize the main steps to creating and using 
eigenlipids.

EIGENLIPID METHODOLOGY

Much of the current methodology surrounding 
eigenlipids stems from earlier studies in the field of 
transcriptomics. As such, eigenlipids have been derived 
using the WGCNA R package (15). Typical methodol-
ogy involves first determining a measure of dissimi-
larity between lipids, clustering the lipids on this basis 
(e.g. with hierarchical clustering), and then for each 
cluster, generating eigenlipids via PCA. These can then 
be analyzed for associations with phenotypes of 
interest.

TABLE 1. Examples of eigenlipid studies, pathology examined and type of eigenlipid analysis performed

Study Pathology Lipid Coverage Eigenlipid Analysis
Number of 
eigenlipids Cohort Size

Titz et al. 
(1)

Chronic obstructive 
pulmonary disease

• Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Eigenvalue comparisons. 13 240

Jha et al. 
(2)

Liver • Glycerolipids
• Glycerophospholipids
• Sphingolipids

• Eigenvalue comparisons
• Linear regression 
modelling.

• Network analysis

8 47 BXD strains 
containing 
approximately 5 mice 
each.

Mishra
et al. (3)

Osteoperosis • Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Eigenvalue comparisons
• Linear regression 
modelling.

• Multivariate analysis of 
variance (MANOVA).

12 1,494

Tan et al. 
(4)

Central nervous 
system, dyslipidaemia

• Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Eigenvalue comparisons 23 4 mice.

Vacy et al. 
(5)

ADHD, ASD • Glycerolipids,
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Correlation analysis
• Hub lipid markers.
• Network analysis

16 1,074

Fujimara 
et al. (6)

Neonatal gut 
Microbiome

• Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Linear regression 
modelling

32 298

Petersen 
et al. (7)

Methods • Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Linear regression 
modelling

35 397

Zhou et al. 
(8)

Type-2 Diabetes • Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Network analysis 7 12 mice

Serra et al. 
(11)

Pear Fruit • Glycerolipids
• Sterol lipids

• Network analysis 10 15 trees

Zhang 
et al. (12)

Beef • Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Correlation analysis 11 32 chicken samples

Deng et al. 
(13)

Osteoporosis • Glycerolipids,
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Network analysis 36 47

He et al. 
(14)

Preeclampsia • Glycerolipids
• Glycerophospholipids
• Sphingolipids
• Sterol lipids

• Network analysis
• Correlation anlaysis

3 64
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Dissimilarity matrix
Grouping lipids together requires some measure of 

which lipids can be considered similar and which ones 
dissimilar. Such information is typically compiled into 
a so-called lipid-lipid (otherwise known as interlipid) 
dissimilarity matrix. The actual measure of dissimi-
larity between two lipids is often defined as 1 minus the 
interlipid correlation in the dataset under investiga-
tion, typically using Pearson’s correlation, but also 
Spearman’s or bi-weight mid correlation coefficient 
has been suggested as a possible alternatives (15).

Scale-free topology and hub lipids. In typical eigenlipid 
analysis, the dissimilarity matrix is raised to an nth 
exponent (denoted β), as a scale-free topology for lipid 
correlations is commonly assumed. By increasing β in 
the correlation network, weaker correlations are 
skewed closer to 0 and higher correlations are skewed 
closer to 1, favoring hub-like structures. In a scale-free 
correlation network topology, lipids correlate with a 
single central hub lipid. Hubs are single lipids found 
within an eigenlipid cluster that have the highest cor-
relation with all other lipids in the cluster. These lipids 
are assumed to be the main drivers behind lipid 
metabolism in each module (5, 10, 16, 17). To determine 
the β for scale-free topology, scale-independence, and 
mean connectivity measures are plotted against each 
other to help manually determine whether the mod-
ules generated for each β are too sparse. The plots 
examine the connectivity of lipids with adjacent lipids 
(i.e. those least dissimilar according to the dissimilarity 
matrix) and are fully described in Zhang (18). For these 
plots, the following power law is assumed for the 
connectivity of adjacent lipids in a scale-free topology 
for adjacent lipids:

p(k) ∼ k b (1)

k is the lipid connectivity of a lipid and is the sum of 
dissimilarities for adjacent lipids.

β is the exponent used for correlations in the 
dissimilarity matrix.
p(k) is the proportion of lipids that are adjacent in a 

dissimilarity matrix.
As a result, as p(k) increases, the overall number of 

connected adjacent lipids is assumed to decrease. 
Hence, a plot of log(p(k) versus log(k) is plotted for 
each of the lipids and the lowest value where the R-
squared value is ≥ 0.8 is identified as the optimal β for 
scale-free topology.
To assess connectivity, for each lipid the sum of 

adjacent dissimilarities with all other lipids is calcu-
lated, and the mean of the values of all lipids is 
calculated as the mean connectivity:

Mean connectivity =
1 
N

∑ k i (2) 

N is the number of lipids in the dissimilarity matrix. 
k i is the ith lipid connectivity value.

Clustering algorithm
Generating a dendrogram. With a dissimilarity matrix, 

we can now group highly correlated lipids together, 
which can be achieved by any clustering or partition-
ing algorithm. This is typically done via agglomerative 
hierarchical clustering using a linkage algorithm, 
which iteratively merges lipids or clusters, forming a 
dendrogram. Common linkage algorithms include: 
single linkage, where the distance between clusters is 
defined as the minimum distance between any pair of 
elements between two clusters; average linkage, where 
the distance between clusters is the average distance 
between all pairs of elements from each cluster; com-
plete linkage, where the distance between clusters is 
defined as the maximum distance between any pair of 
elements between two clusters; and Ward’s method, 
where the algorithm pairs clusters in order to minimize 
the within-cluster variance.

Cutting the dendrogram into clusters. To obtain 
different numbers of lipid clusters based on the hier-
archical cluster dendrogram, tree-cutting methods can 
be used. The standard so-called “static” tree-cut 
approach is to slice the dendrogram at a set dendro-
gram height (h) or a set number of clusters (k). While 
simple and generally applicable, these methods can 
often lead to non-intuitive or biologically irrelevant 
cluster structures.
To address issues with cluster formation via static 

tree cutting, Langfelder et al. proposed both the dy-
namic tree cut and dynamic hybrid cut methods (2, 3, 5, 
12, 19). These were shown to create more appropriate 
gene clusters, based on the biological relevance of 
clusters evaluated using enrichment analysis.
The dynamic tree cut method identifies branch 

structures in a dendrogram that meet shape (“tight-
ness” within branches, spacing between them, depth of 
their root, etc.) and minimal size criteria and uses these 
to define clusters, rather than cutting at a fixed height. 
The dynamic hybrid cut method additionally considers 
the original dissimilarity matrix to refine cluster allo-
cation, resulting in clusters more robust to unclear 
dendrogram structures and noisy data.
K-means clustering sometimes features in eigenlipid 

studies as an alternative to hierarchical clustering (20). 
This methodology starts by assigning lipids to one of k 
clusters, typically at random or via a simple clustering 
approach. Then, the centroid of each cluster is calcu-
lated, and lipids are assigned to their closest centroid. 
This process iterates until a convergence criteria is met. 
However, this form of clustering is substantially less 
common, as most studies utilize the WGCNA R pack-
age, which provides functions for generating eigenli-
pids from hierarchical clusters.
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Generating and using eigenlipids
Dimensionality reduction. To generate eigenlipids, 

dimensionality reduction, typically via PCA, is per-
formed for each cluster. Commonly, the first principal 
component (which captures the most variation) is 
selected as the eigenlipid representation for each 
cluster. As the exponent (β) of the dissimilarity matrix 
used for cluster generation is typically raised (15), 
variation is generally already concentrated into the 
first principal component.

Using enrichment analysis to identify the relationship of 
eigenlipid modules with lipid biology. The eigenlipid ap-
proaches outlined above are unsupervised, in that 
lipids are clustered together based solely on the data, 
and not on any prior knowledge. This allows for the 
discovery of new associations but also means that lipids 
are not guaranteed to cluster in line with known lipid 
biology. More problematically for clinical studies, lipid 
clusters are also highly likely to change between studies 
and cohorts. A tool enabling the biological interpreta-
tion of the contents of eigenlipid clusters is enrichment 
analysis (21). This method relies on lipids being anno-
tated with terms from a controlled vocabulary (or 
more generally an ontology) and statistically tests for 
the over- (or more rarely under-) representation of 
these terms in lipid clusters. This approach has been 
extensively used in lipidomics, and there are several 
potential databases that exist in the field that make it 
possible to utilize the same form of analysis for 
eigenlipids (22–29).

Exploring lipid metabolism with eigenlipids. The prin-
cipal component scores for the generated eigenlipids 
can be used to investigate the biological relationships 
of eigenlipid modules with phenotypes of interest. This 
can include exploring the distribution of eigenlipid 
scores (1, 2, 4, 16, 30–32) in relation to specific traits such 
as states of disease and metabolic profiles, or alterna-
tively using some form of regression modeling/testing, 
such as linear regression, t-testing or analysis of vari-
ance (ANOVA) (1, 2, 4, 16, 30–32). Furthermore, 
network analysis methods can also be used to explore 
the associations between different eigenlipid modules 
and identify the roles lipid clusters play in metabolic 
pathways (21, 31). This may uncover insights into lipid 
co-regulation and interdependencies related to 
different interrelated or overlapping pathways in lipid 
metabolism.

Comparison of eigenlipid methodology with traditional lip-
idomic data analysis. Traditional lipidomic data analysis 
relies on a variety of univariate and multivariate ap-
proaches. Univariate approaches, such as t-tests (33), 
ANOVA (33), linear/logistic regression (34), as well as 
non-parametric tests, allow researchers to assess sample 
differences on a per lipid basis. While highly

interpretable, testing hundreds to thousands of lipid 
species introduces a severe multiple testing burden, 
requiring stringent P-value corrections that ultimately 
reduce statistical power (35).
In addition to univariate statistical testing, lipidomics 

researchers have also utilized unsupervised techniques 
and dimensionality reduction, such as clustering and 
PCA. Clustering, such as hierarchical and k-means, has 
been used to create groups of lipids based on correla-
tion/similarity (36, 37). However, a primary limitation 
of standard clustering is that it does not intrinsically 
generate a robust, unified summary metric for each 
group. In contrast, dimensionality reduction methods, 
such as PCA, have been used to summarize the major 
axes of variation across an entire dataset (38). While the 
global PCA effectively decomposes the major sources 
of variation, it can provide a challenge for interpreta-
tion or obscure the effects of small groups of biolog-
ically distinct sub-groups.
The eigenlipid methodology addresses these limita-

tions by combining the biological specificity of clus-
tering with the mathematical efficiency of PCA. First, 
highly correlated lipids are clustered into distinct 
modules. Subsequently, PCA is applied within each 
module to extract the first principal component, which 
serves as a single quantitative summary of that 
module—the module eigenlipid. By using this eigenli-
pid score in subsequent statistical testing, researchers 
can evaluate the collective effects of co-regulated lipid 
networks, effectively capture systems-level biological 
changes while drastically mitigating the multiple 
testing burden.

POTENTIAL DRAWBACKS OF EIGENLIPID 
METHODOLOGY

There are some key drawbacks of eigenlipid meth-
odology. These include: (1) eigenlipids are typically 
generated from unsupervised clusters, (2) tools that are 
commonly used as part of eigenlipid generation as-
sume an inherent scale-free topology and (3) dimen-
sionality reduction is performed via PCA. The 
drawbacks of each of these aspects is discussed below.

Unsupervised clustering
As pointed out above, eigenlipids are generated us-

ing unsupervised clustering, which makes their inter-
pretation non-trivial and limits their transferability to 
other datasets. While it may be possible to use an 
eigenlipid in another cohort for model prediction, this 
method may not account for differences in lipid 
metabolism between the two cohorts.

Lack of scale-free topology
There are many assumptions in methods used for 

the analysis of gene expression datasets that do not 
apply to the examination of lipids in metabolic
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pathways (39). Most studies assume that scale-free to-
pology holds true for lipids. Whilst this may be true of 
transcriptomic datasets, lipidomic datasets are unlikely 
to present the same correlation structures, due to (1) the 
existence of simultaneously occurring parallel path-
ways, (2) more complex biology due to lipids being 
composed of multiple parts, such as headgroup and 
side chains, and (3) there is the risk that even if hub 
lipids exist, they can be low abundance species, weak-
ening correlations due to noise and detection limits.

Limitations of principal component analysis 
Compared to other dimensionality reduction 

methods, the PCA method is relatively simple to 
interpret and has a lower computational time. How-
ever, there are limitations of the PCA approach to 
dimensionality reduction: (1) the first principal 
component represents only the largest source of linear 
variation in a cluster, and (2) PCA is a linear dimen-
sionality reduction method and works best with 
Gaussian data.
Lipids exhibit diverse structural features, such as 

head groups, side chains, and functional groups that 
derive from different metabolic pathways. This can 
lead to multiple sources of variation present in an 
eigenlipid cluster. In an eigenlipid analysis using a 
basic dissimilarity metric, this would lead to multiple 
sources of variation in an eigenlipid cluster that cannot 
be completely captured by the first principal compo-
nent, forcing the selection of multiple eigenlipids per 
cluster. However, in typical eigenlipid analysis, the 
dissimilarly matrix features a high β, which biases 
clusters to be small, with much of their variation rep-
resented by only the first principal component, and 
later components being mostly noise. Care must thus 
be exercised when selecting the β and selecting how 
many clusters and eigenlipids within to consider for 
further analysis, and choices will be objective-
dependent.
Lipidomics datasets are often non-normally distrib-

uted and right-skewed (40). Commonly, these features
are mitigated via logarithmic transformation of lipid
concentrations; however, this does not completely lead
to fully Gaussian data (41). Additionally, there are also
many nonlinear effects in metabolism that can affect
lipid abundance, including enzyme kinetics and gene
regulatory effects (42). These will all limit the inter-
pretability and biological relevance of the resulting 
principal components derived from the data.

Robustness and reproducibility of eigenlipids 
Traditional approaches for eigenlipids generation 

consist of unsupervised methods, which will always 
generate an output regardless of whether they have 
biological significance or not. Therefore, care must be 
taken to avoid data leakage, which could lead to over-
fitting eigenlipid modules with poor biological signif-
icance. Such overfitted eigenlipids will not be

replicable across different datasets, and model esti-
mates cannot be transferred between studies. Where 
multiple datasets are available, or eigenlipids can be 
generated from different tissues, there are statistical 
approaches to evaluate the reproducibility of the 
modules, for instance, with WGCNA (43), NetRep (44) 
or enrichment analysis to compare eigenlipid enrich-
ments (21). Where sample variability or outliers may be 
a concern, techniques such as bootstrapping PCA can 
be used to measure the stability of eigenlipids (45, 46).

EXTENSIONS OF EIGENLIPID METHODOLOGY

The limitations of the standard eigenlipid approach 
can be addressed by variations to the methodology, 
including: (1) generating supervised eigenlipids in place 
of unsupervised eigenlipids, (2) using lower-order 
principal components, and (3) alternative dimension-
ality reduction methods.

Supervised eigenlipids
Supervised eigenlipids are generated for biologically 

relevant, pre-defined lipid clusters, established based 
on pathways featured in a lipid ontology. This can be 
performed with ontologies such as those used in 
enrichment analyses. Clusters can be formed via the 
grouping of lipids based on class, subclass, structure, 
side chains, and association along known metabolic 
pathways. This has recently been attempted for 
broader metabolomic studies, which include lipids in 
modules based on pathways in the KEGG pathway 
database and a selection of glycerolipid modules 
largely discriminated by lipid class or combinations of 
different classes (2). This approach also has advantages 
for using the same lipids in multiple eigenlipid mod-
ules. For example, Ja et al. (2), examined the interrela-
tionship between triacylglycerol and phospholipid 
species in liver metabolism that were not ordinarily 
observable when they examined standalone tri-
acylglycerol and phospholipid eigenlipid modules.

Lower order principal component eigenlipids 
Lower order principal components are routinely 

analyzed for entire data matrices in lipidomics. This 
includes many of the same regression modelling, 
analysis of traits (47, 48). However, eigenlipid analysis 
using lower order principal components for clustered 
lipids is yet to be explored. If a scale-free topology is 
not assumed, then β can be reduced to create clusters 
with more sources of variation that can be analyzed via 
lower order principal components. Each eigenlipid 
principal component will then capture different 
sources of biological variation and can be interpreted 
separately.

Alternative eigenlipid generation methods
While PCA appears to be the extremely common 

approach to eigenlipid analysis in wider systems
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biology, it is by no means the only one. Other possible 
dimensionality reduction methods include partial least 
squares (PLS) regression, sparse-PCA/PLS, indepen-
dent component analysis (ICA), kernel PCA (KPCA) 
and variational autoencoders (VAE). In the past, these 
methods have been performed on the entire lipid data 
matrix rather than for clustered lipids. For many of 
these approaches, it should be noted compute time can 
be much longer.

Partial least squares regression. PLS regression is a su-
pervised dimensionality reduction method that can be 
used to generate eigenlipids that are specific to an 
outcome that is being modeled. PLS regression focuses 
on finding the linear combination of lipids that has the 
maximum covariance with the outcome. Eigenlipids 
generated via PLS can potentially be more highly 
correlated with an outcome than PCA, where the 
outcome is not considered, which may be useful for 
increasing power when examining the associations of 
eigenlipids with biology. However, a downside to this 
approach is that the covariance between outcome and 
lipids may lead to overfitting, as PLS is trained on the 
association between lipids and outcomes and not un-
known or alternative sources of variation (49). 
Although there are mitigation strategies that can be 
employed, such as cross-validation and regularization.

Sparse principal component analysis and sparse-partial least 
squares. Standard PCA and PLS generate components 
based on linear combinations of all features, making 
interpretation non-trivial. Sparse approaches alleviate 
this by restricting the number of features used to 
generate the component linear combinations. Several 
different forms of sparse-PCA and sparse-PLS ap-
proaches exist, which commonly involve applying an 
“elastic net” or “lasso” penalty parameter to loadings 
estimated for the latent variables (such as principal 
components) (50–52). This pushes the less relevant 
loadings to 0, decreasing the number of lipids 
contributing to each latent variable, and thereby 
increasing its interpretability. In clusters, many of the 
lipids may be of similar class or have similar associa-
tions along metabolic pathways and share collinearity. 
By using sparse approaches to PCA, the effects of these 
lipids can be reduced to only the key drivers of varia-
tion in a cluster.

Independent component analysis for non-Gaussian dimen-
sionality reductions. Another alternative approach to 
PCA is to utilize ICA-based methods, which can iden-
tify non-Gaussian-distributed factors. ICA produces 
components (termed independent components) that 
are highly sparse, maximally independent (i.e. beyond 
simple uncorrelatedness), and compared with PCA, 
show little overlap with each other in terms of gene/ 
lipid/metabolite content. ICA has been previously used 
by Krumsiek et al. in a metabolomics study, which

included the analysis of a variety of lipids. The inde-
pendent components were more strongly associated 
with outcomes than principal components generated 
from PCA and were more consistently associated with 
sub-pathways of lipid metabolism.

Kernel principal component analysis and autoencoders for 
non-linear non-Gaussian dimensionality reduction. To 
identify non-linear and non-Gaussian variation among 
lipids, two possible dimensionality reduction methods 
are Kernel Principal Component Analysis (KPCA) and 
Variational Autoencoders (VAE). KPCA applies a non-
linear kernel mapping function to the lipid data matrix 
(53). However, the kernel must be appropriately 
selected to fit the data. In contrast, VAE is a dimen-
sionality reduction technique in which latent variables 
correspond to hidden nodes in a neural network 
summarizing the variation in high-dimensional data 
(54).
Gomari et al. (55) recently compared PCA, KPCA, 

and VAE in evaluating the association of metabolites, 
including lipids with type 2 diabetes, acute myeloid 
leukemia, and schizophrenia. KPCA and VAE out-
performed PCA for non-linear data, with VAE 
showing the strongest associations and generalizability 
across cohorts. Notably, VAE captured a broader 
spectrum of lipid features, including varied head 
groups, that were consistent across diseases. In type 2 
diabetes, the most associated VAE dimension reflected 
contributions from lysolipids, n-3 and n-6 poly-
unsaturated lipids, and branched-chain fatty acids. 
This diversity was not observed with PCA or KPCA. 
Furthermore, this was generalizable across cohorts. 
However, despite the methods' apparent generaliz-
ability, VAE typically requires regularization to miti-
gate overfitting, which is a common concern with this 
approach (56).

CONCLUSION

There are now a wide variety of studies utilizing 
eigenlipids to explore the role of lipids within biolog-
ical systems, and their associations with outcomes of 
interest. However, typical eigenlipid analysis inherits 
assumptions and limitations from transcriptomics, 
where correlations are sparser, and gene clusters often 
have a hub gene, unlike the clusters of dense sets of 
highly correlated lipids. Studies mostly focus on first 
principal component eigenlipids, which may miss 
variation in lower-order components and assume 
linearity and normality. There is potential to use more 
atypical but hopefully more biologically relevant 
methodology in eigenlipid analysis, such as supervised 
eigenlipids, lower-order components, or alternative 
dimensionality reduction methods such as sparse-
PCA/PLS, ICA, KPCA and VAEs. However, caution 
must be exercised with these approaches there are
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issues with overfitting and correct parameter 
selection.
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