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ABSTRACT

With the continuing rise of lipidomic studies, there
is an urgent need for a useful and comprehensive
tool to facilitate lipidomic data analysis. The mostim-
portant features making lipids different from general
metabolites are their various characteristics, includ-
ing their lipid classes, double bonds, chain lengths,
etc. Based on these characteristics, lipid species
can be classified into different categories and, more
interestingly, exert specific biological functions in
a group. In an effort to simplify lipidomic analysis
workflows and enhance the exploration of lipid char-
acteristics, we have developed a highly flexible and
user-friendly web server called LipidSig. It consists
of five sections, namely, Profiling, Differential Ex-
pression, Correlation, Network and Machine Learn-
ing, and evaluates lipid effects on cellular or disease
phenotypes. One of the specialties of LipidSig is the
conversion between lipid species and characteris-
tics according to a user-defined characteristics ta-
ble. This function allows for efficient data mining for
both individual lipids and subgroups of characteris-
tics. To expand the server’s practical utility, we also
provide analyses focusing on fatty acid properties
and multiple characteristics. In summary, LipidSig
is expected to help users identify significant lipid-
related features and to advance the field of lipid bi-
ology. The LipidSig webserver is freely available at
http://chenglab.cmu.edu.tw/lipidsig
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INTRODUCTION

Cells are composed, in part, of a diverse set of functional
lipids with different backbones, head groups, fatty acid link-
ages and carbon chain compositions (1). Beyond their roles
as building blocks and energy sources, lipids can mediate
signalling transduction (2), protein modification (3) and cell
death (4), or constitute dynamic assemblies such as lipid
rafts (5), lipoproteins (6) and lipid droplets (7). Addition-
ally, disturbances in lipid homeostasis have been linked to
many disorders, including cardiovascular disease (8), obe-
sity (9), diabetes (10) and cancer (11). Given their central
role in physiological and pathological conditions, under-
standing the diversity and composition of lipids helps us
explore the potential biological functions underlying those
conditions.

With the advances in analytical chemistry and shotgun
liquid chromatography-tandem mass spectrometry (LC-
MS/MS), researchers have been enabled to detect hundreds
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to thousands of lipid species in order to assess their phe-
notype associations, allowing in turn for the creation of a
new field called lipidomics (12,13). Although lipidomics is
one of the novel omics technologies, it has been widely ap-
plied in biomedical research, agriculture, and food-related
industries (14). An exponential increase in lipidomic-related
studies has also been observed among PubMed publica-
tions (15). Lipidomic profiling yields high-dimensional data
such as the data yielded by genomics and metabolomics, but
the relative scarcity of analysis tools remains a problem for
its further development. Moreover, in contrast with other
omics, each lipid species in lipidomic data can be grouped
into distinct categories based on a diverse set of character-
istics including its lipid class, shape, chain length, degree
of unsaturation, hydroxyl groups, and fatty acid composi-
tion (1). These characteristics have been proven to dramat-
ically affect cellular function. For example, more unsatu-
rated (double bonds) cell membranes promote Akt cluster-
ing and activation to potentiate osteogenic differentiation
(16), while LPCAT1 enhances the expression of saturated
phosphatidylcholine (PC), which is required for EGFR sig-
nalling and glioblastoma survival (17). Another example
is that human cytomegalovirus has been found to manip-
ulate target cells to synthesize very-long-chain fatty acids
(VEFAS) as their envelopes by inducing the production of
elongase enzyme 7 (ELOVL7) (18). Recently, polyunsatu-
rated phospholipids with hydroperoxyl or hydroxyl groups
have also drawn considerable research attention due to their
causal relationship with ferroptosis (19,20). Hence, analyses
of lipidomics data need to consider not only lipid species but
also lipid characteristics.

A range of web servers or software packages have been
proposed to deal with lipidomic data (21). Of these, Lipid
Data Analyzer (22), LipidBlast (23), LipidHunter (24),
LipidMatch (25), are designed to identify and quantify
lipids from mass spectrometry (MS) data. Only three tools,
lipidr (21), ALEX (26), and Lipid Mini-On (27), are able
to perform lipid characteristics analysis. However, some of
these have strict formatting requirements on lipid names,
and thus cannot process data from all MS platforms. The
others provide profiling functions to visualize changes in
different characteristics but lack statistical analysis tools.
More importantly, they make it difficult to undertake char-
acteristics analyses beyond lipid class, chain length, and
double bonds. There is, therefore, an urgent need to develop
a robust tool that can easily analyze lipidomic data based
on lipid-specific characteristics, and interrogate their asso-
ciations with underlying cellular mechanisms.

Here, we present LipidSig, the first web-based platform
that provides an integrated, comprehensive analysis for
streamlined data mining of lipidomic datasets. LipidSig
gives users more flexibility in input data format, and allows
them to define a variety of characteristics for exploration.
We provide five main functions, namely Profiling, Differen-
tial Expression, Correlation, Network, and Machine Learn-
ing, to evaluate the importance of lipid species or charac-
teristics in different experimental groups. To the best of our
knowledge, LipidSig is the first tool to fill the gaps in the
lipid-specific analysis essential for lipid biology. Further-
more, interactive plots with downloadable images and cor-
responding tables are created to support interpreting from
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multiple perspectives. Collectively, LipidSig enables users to
perform intensive lipid analysis easily and efficiently, and
will promote the development of lipidomics.

MATERIALS AND METHODS
Workflow

The LipidSig workflow is illustrated in Figure 1 and con-
sists of four parts: (i) Data upload, (ii) Lipid characteris-
tics transformation, (iii) Data processing, and (iv) Func-
tionality and Visualization. Users can explore the platform
through demo datasets, or submit their own files to spec-
ify lipid expression, lipid characteristics, group assignment,
or confounding variables for multivariate regression accord-
ing to each analysis section. After the required matrices are
uploaded, LipidSig provides two analysis pipelines for lipid
species and lipid characteristics that can be freely converted
between by a transformation function. This built-in func-
tion classifies and sums lipid species from ‘Lipid expression
data’ into different categories in ‘Lipid characteristics ta-
ble’. Take Figure 1 as an example, the expression of Lipidl
and Lipid2 in samplel are 20 and 10, respectively. The two
lipid species belong to PC class and yield an expression of
30 for PC. Users are encouraged to employ different data
processing strategies in response to data quality and desired
methods, making the data suitable for downstream analy-
sis. Missing values due to detection limits can be addressed
by missing-value exclusion and by using the imputation op-
tions. LipidSig also supports lipid percentage transforma-
tion to reduce sample variance. Log transformation and
data scaling are offered to improve the performance for fur-
ther statistical and machine learning analysis. For lipidomic
data mining, five powerful functions allow users to profile
lipid expression, identify significant lipid features, or con-
struct an informative network. These are useful to analyse
lipidomic change at a different resolution levels, and to cre-
ate concise visualizations for effective interpretation. Also,
LipidSig enables users to select computation methods and
determine statistical significance through an easy-to-use in-
terface. A short description of the methods and the exam-
ples adopted is given below.

Input

Users can use our demo datasets or upload two to four ta-
bles for different analysis sections, including ‘Lipid expres-
sion data’, ‘Group information’/‘Condition table’, ‘Lipid
characteristics table’ and ‘Multivariate adjusted table’.
‘Lipid expression data’ encompasses the expression levels
for all lipid species in all samples. The data can derive from
absolute quantification (picomole) or relative quantification
(lipid percent). ‘Group information’ or ‘Condition table’ as-
signs the samples into different groups while ‘Lipid char-
acteristics table’ records the descriptions of the character-
istics for each lipid species. ‘Multivariate adjusted table’ is
used to adjust the confounding effects and only available in
the ‘Correlation’ analysis section. LipidSig accepts comma-
separated and tab-separated values (CSV, TSV) formats,
and each table should meet basic requirements for minimum
sample size and lipid count, column specification, variable
type, and cell content. Format is checked as soon as users
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Figure 1. Workflow of the LipidSig web server. The LipidSig workflow is composed of four steps: (i) data upload, (ii) lipid characteristics transformation,
(iii) data processing and (iv) functionality and visualization. Four tables at most can be uploaded according to different analysis section. LipidSig provides
two analysis pipelines focusing on lipid species or lipid characteristics. The transformation processes between species and characteristics are labelled using
different colors. Four data processing strategies enable users to transform and make the data suitable for following analysis. To identify significant lipid
features and explore their relationships, five useful functions are offered to comprehensively analyse lipidomic change, and to create effective visualizations.

press the ‘Upload’ button, and the results will be shown im-
mediately, as the analyses cannot be conducted if files do
not meet the standard. Users are encouraged to replicate the
formats from the example datasets available on the LipidSig
web server.

Lipid characteristics analysis

The massive degree of structural diversity contributes to
lipids’ functional and characteristic variety. Variations can
be subtle (chain length and double bond number) or ma-
jor (head group and backbone). Lipid Characteristics Anal-
ysis evaluates the alterations of a group of lipids catego-
rized by one or more lipid characteristics. LipidSig provides
an automatic transformation function to convert the ex-
pression of lipid species into lipid characteristics. Firstly,
lipid species can be summarized into specific characteris-
tics based on the ‘Lipid characteristics table’ (Figure 2). For
instance, four lipid species in Figure 2A are classified into
three categories, lipids with 0, 1 or 6 double bonds. Using
this information, the original ‘Lipid expression data’ (Fig-
ure 2B) is then transformed into a new characteristic ex-
pression table (Figure 2C). According to user-selected char-

acteristics, the corresponding tables are produced and ap-
plied in all analysis sections except ‘Network’. Two further
functions are derived from the Lipid Characteristics Anal-
ysis: Fatty Acid Analysis and Multi-Characteristics Analy-
sis. Fatty Acid Analysis is a special transformation method
because it calculates characteristic expression on the basis
of fatty acids instead of on whole lipid species. For exam-
ple, phosphatidylethanolamine (PE) 16:0:0/22:6:1 is a lipid
species belonging to PE class with two fatty acids separated
by a slash (Figure 2A). The three numbers denote, respec-
tively, the numbers of carbon atoms, double bonds, and hy-
droxyl groups. Both the total chain length of 38 and the
fatty acid chain lengths of 16 and 22 can be supplied via the
‘Lipid characteristics table’. These two descriptive conven-
tions offer an overall or partial perspective on lipid charac-
teristic change. When declared in fatty acid format, the sum-
mations follow a prior decomposition of the lipid species
into fatty acid parts. In Figure 2D, fatty acid chain length
in PE has three categories (fatty acids with 16, 20, or 22
carbons) and their expressions in ctrl2 are 0.6 (0.3 + 0.3),
0.3 and 0.3, respectively.

On the other hand, Multi-Characteristics Analysis can be
undertaken to explore interactions among numerous char-
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Figure 2. The characteristics transformation function in Lipid Characteristics Analysis. (A) A diagram showing how to categorize lipid species into different
lipid characteristics. (B) Original ‘Lipid expression data’ uploaded by users. (C) A new characteristics expression table for total double bond (Totaldb). (D)
An expression table combining two characteristics, specific to ‘Differential Expression’. Font colors in (B) to (D) can be used to track the transformation
processes between species and characteristics. Cer, ceramdie; PE, phosphatidylethanolamine.

acteristics. In ‘Differential Expression’, users may split the
data using one particular characteristic before performing
computations based on another characteristic. As an ex-
ample, it is able to analyze fatty acid chain length in ce-
ramide (Cer) or PE class specifically (Figure 2D). It is
also possible to combine more than two characteristics
to build a prediction model in ‘Machine Learning’. Mul-
tiple characteristics tables are formed and used as pre-
dictor variables to provide additional structural or func-
tional information of lipidomic data. The important char-
acteristics will be selected and ranked in the resulting
model.

MAIN FUNCTIONS OF LipidSig

LipidSig offers five main functions, namely ‘Profiling’, ‘Dif-
ferential Expression’, ‘Correlation’, ‘Network’ and ‘Ma-
chine Learning’ for assessing lipid effects on biological
mechanisms. In ‘Profiling’, an overview of comprehensive
analyses allows researchers to efficiently examine data qual-
ity, clustering of samples, correlation between lipid species,
and composition of lipid characteristics. ‘Differential Ex-
pression’ integrates many useful lipid-focused analyses, as-
sisting users to identify significant lipid species or lipid
characteristics. ‘Correlation’ analysis is designed to illus-
trate and compare the relationships between different clin-
ical phenotypes and lipid features. The ‘Network’ function
constructs (i) lipid metabolism pathways based on the Re-
actome database and (ii) a pathway enrichment network
queried with lipid-related genes. ‘Machine learning’ pro-
vides a broad variety of feature selection methods and
classifiers to build binary classification models. Subsequent
analyses then help users to evaluate the learning algo-
rithm’s performance and to explore important lipid-related
variables. In general, except ‘Network’, which is generated

based on the human database, all analysis sections make use
of uploaded lipid expression and lipid characteristics data
to compute the results. Hence, there is no limitation to the
source of lipidomic data in most analyses. Detailed docu-
mentation for each section is given in the Supplementary
Methods.

EXAMPLES
Discovery of novel driver lipids for ferroptosis in cancer cells

Ferroptosis is iron-dependent, non-apoptotic, oxidative cell
death that is implicated in various diseases including neu-
rodegeneration, ischemic injury in many organs, and cancer
resistance (28,29). Ferroptosis is closely related to polyun-
saturated phospholipid peroxidation but the underlying
mechanism, for example whether it happens on global or
specific lipids, is poorly understood. Here, we utilized Zou,
Yilong et al.’s dataset as an example (30). The expression
table for this dataset contains six OVCAR-8 cell samples
and 202 lipid species. The species are categorized into dif-
ferent lipid classes in the lipid characteristics table. Through
genome-wide CRISPR-Cas9 screens, they found alkylglyc-
erone phosphate synthase (AGPS) was a critical mediator
in driving ferroptosis susceptibility. Thus, we separated the
samples into control and AGPS knockout groups. In ‘Pro-
filing’, OVCAR-8 cells (n = 3) expressing control sgRNAs
(sgNC) or sgRNAs targeting AGPS (sgAGPS) can be per-
fectly distinguished using PCA on lipidomic data (Figure
3A). In addition, our characteristics profiling reveals an ob-
vious change in lipid class composition, especially the re-
duction of ether-linked PC (PC O-) and PE (PE O-) in
the AGPS knockout group (Supplementary Figure SI1A).
Significant lipid species were then further explored using
differential expression analysis. In Figure 3B, the volcano
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Figure 3. An example of LipidSig being used to identify critical lipids driving ferroptosis in OVCAR-8 cells. (A) The PCA plot of lipidome in the OVCAR-
8 cells expressing control sgRNAs (sgNC) and sgRNAs targeting AGPS (sgAGPS). (B) An interactive volcano plot showing the differentially expressed
lipid species of OVCAR-8 cells expressing sgNC or sgAGPS. n = 3 biological replicates. Two-tailed Student’s ¢-tests with Benjamini-Hochberg correction
method were used to calculate the p-values. (C) Heatmap of hierarchical clustering for significant lipid species (P < 0.05) with sample group labels in the top.
(D) Enrichment analysis of significant lipid species was performed using over representation analysis based on lipid class. Bars indicate —log;o(P-value). (E)
Enrichment network built from KEGG pathway analysis presents the significantly altered pathways (P < 0.05) associated with PC O- and PE O- related
genes. Nodes are filled according to —log;o(P-value) and their sizes represent the lipid-related gene number involved in the pathway. Line width indicates
the value of gene similarity between the pathways. PC O-, ether-linked phosphatidylcholine; PE O-, ether-linked phosphatidylethanolamine.

plot indicates statistical significance versus magnitude of
fold change for each lipid species. Still more information
can be dug into using LipidSig. We obtained detailed sta-
tistical information, for example, as well as characteristic
distributions to emphasize the importance of ether lipids
(Supplementary Figure S1B and S1C). Likewise, a hierar-
chical clustering (Figure 3C) and an enrichment using over
representation analysis (Figure 3D) clearly revealed that sig-
nificantly down-regulated lipid species were enriched in the
PC O- and PE O- categories. The expression of different
lipid classes can be compared through Lipid Characteristics
Analysis, and used to corroborate the results from the pre-
ceding evaluations (Supplementary Figure S1D). Besides,
ether lipid metabolism was successfully ranked as the top
hit in KEGG pathway enrichment analysis, queried with PC
O- and PE O- related genes (Figure 3E). These data indi-
cated that depletion of AGPS remodeled the intracellular
lipidome, especially the biosynthesis of ether lipids, which
might be critical to the pro-ferroptotic status. Taken to-
gether, LipidSig can not only identify differential expressed
lipid species but also offer more practical functions to asso-
ciate them with specific lipid characteristics and potential
metabolic pathways.

Connecting lipid characteristics with biological function

Lipid Characteristics Analysis is one of the important fea-
tures in LipidSig. It can be carried out using our transfor-
mation function to build a new characteristics expression
table for further analysis (Figure 2). In ‘Differential Expres-
sion’, users are allowed to focus on one specific characteris-
tic, or a combination of two characteristics, to access the cel-
lular phenotypes or disease associations. We collected two
examples to demonstrate this application in lipid unsatu-
ration (double bond) and chain-length analysis. First case
is to study mammalian membrane homeostasis in response
to dietary lipid perturbations (31). The expression table for
the dataset includes 390 lipid species in six mice fed with fish
oil or corn oil. All lipid species are categorized according to
the number of total double bond, fatty acid double bond,
fatty acid chain length in the lipid characteristics table. Us-
ing LipidSig, we obtained an almost same lipid unsatura-
tion profile in the paper. The fish oil (FO) diet, enriched with
eicosapentaenoic acid (EPA; 20:5) and docosahexaenoic
acid (DHA; 22:6), led to a striking increase of glycerophos-
pholipids (GPLs) with six double bonds in mouse cardiac
tissue compared to the corn oil (CO) diet (Figure 4A). This
response can be compensated by the induction of saturated
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totaldb, total double bond.

GPLs and the reduction of other polyunsaturated GPLs (2—
5 double bonds). Using the Fatty Acid Analysis, we found
an expected increase in fatty acids with 22 carbons and six
double bonds, corresponding to DHA (22:6) (Supplemen-
tary Figure S2A and B). Due to LipidSig’s flexible handling
of user-defined lipid characteristics, a significant incorpo-
ration of DHA into the membrane can also be seen in the
FO-fed group (Supplementary Figure S2C).

The second example examines the effects of fenofibrate,
a potential drug for type-1 diabetes, on the mouse pan-
creatic lipidome (32). One hundred ninety-six lipid species
with lipid class and chain length assignment are used
to analyze the lipidomic alteration in the pancreas from
four control and four fenofibrate-treated mice. Our Multi-
Characteristics Analysis provides a summary table that
clearly highlights significant chain length categories in the
Cer class (Supplementary Figure S2D). On the trend plot,
a chain length shift from C16 to C24 Cer is uncovered
in the fenofibrate-treated group, as previously described
(Figure 4B). C16 Cer is associated with apoptosis and in-
sulin resistance (33,34), which might explain fenofibrate’s
anti-diabetic effect. Besides, we calculate the concentration-

weighted average index to reflect an overall change in
chain length (31). In brief, ‘Lipid expression data’ is trans-
formed into a new expression table for chain length. Then,
each chain length was multiplied by its proportion and
summed up to get the index. In LipidSig, an increased
concentration-weighted average chain-length index in Cer
can also be detected after feeding with fenofibrate (Figure
4C). Overall, our Lipid Characteristics Analysis in ‘Differ-
ential Expression’ unravels the impact of one or two char-
acteristics and links their changes to different biological
functions.

Lipid-related biomarker exploration

Recently, distinct dysregulation of lipid metabolism has
been discovered in many diseases (8—11). Lipidome profil-
ing can provide new insights into specific signatures, making
them compelling biomarkers or candidates for investigating
causal effects. Here, we introduce two datasets, a lipidomic
study for chronic obstructive pulmonary disease (COPD)
(35) and an association analysis linking cancer metabolomic
alterations to genetic features (36), to illustrate our ‘Corre-
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lation’ and ‘Machine Learning’ functions as biomarker ex-
plorers.

In the COPD dataset, a multivariate linear regression
model is applied to associate sphingolipids with clinical
subphenotypes of COPD. The dataset detects 69 distinct
plasma sphingolipid species in 129 current and former
smokers. Three COPD subphenotypes including exacerba-
tions, emphysema, and FEV1/FVC (ratio of the forced ex-
piratory volume during the first second to the forced vi-
tal capacity) are recorded in the condition table. Addi-
tionally, confounding factors such as age, sex, smoking
status, body mass index, and FEV1 are provided in the
multivariate-adjusted table. We then build a heatmap to eas-
ily compare the lipidomic fingerprints identified in differ-
ent groups (Supplementary Figure S3A). The most signif-
icant negative association is between emphysema and sph-
ingomyelins, consistent with the paper’s result. In the other
cancer metabolomic research, cell lines with high polyunsat-
urated lipids have been found more resistant to the knock-
out of stearoyl-CoA Desaturase (SCD), a key enzyme in
monounsaturated fatty acid formation. Therefore, we now
aim at predicting cancer cell lines’ sensitivity to SCD knock-
out using the provided lipidomic data, and corroborating
the key unsaturation feature by machine-learning model-
ing. We extract 89 lipid species from the original metabo-
lite data and build the lipid characteristics table containing
the information about lipid class, double bond number, and
chain length. 228 cancer cell lines in the first and last quar-
ter according to sensitivity to SCD knockout are selected
for further analysis. Lipid species and multiple characteris-
tics (including lipid class, chain length, and double bond)
are introduced to separate two groups—sensitive (labelled
as 0) or resistant (labelled as 1) cell lines. We apportion the
data into training and testing sets, with a ratio of 2:1. A
random forest model is adopted to perform feature selec-
tion, model training, and performance evaluation using 10
times Monte-Carlo cross-validation. The receiver operat-
ing characteristic (ROC) and precision-recall (PR) curves
reveal that ten features reached a plateau in model perfor-
mance, which is supported by the elbow point in the accu-
racy curve (Figure 4D, Supplemental Figure S3B and S3C).
A further feature importance analysis by SHAP (SHapley
Additive exPlanations) points out that unsaturation-related
variables (lipids with 1, 2, 4, 5 and 6 double bonds, to-
taldb) account for half in the ten-feature model (Figure 4E).
The directions of feature values and Shapley values in the
SHAP summary plot show that lipids with 4, 5 and 6 dou-
ble bonds contributed to SCD knockout resistance, while
lipids with one and two double bonds increased the sen-
sitivity. Furthermore, the correlation network of the pre-
dictors displays two positive correlation clusters containing
polyunsaturated and less-unsaturated (double bond) lipid
features, respectively (Figure 4F). In conclusion, ‘Machine
Learning’ allows users to introduce multiple lipid charac-
teristics as feature variables and we highlight the effect of
lipid unsaturation on cell lines’ sensitivity to SCD knock-
out. To summarize, this analyses illustrate the feasibility of
using the ‘Correlation’ and ‘Machine Learning’ functions to
discover novel lipid biomarkers, made up of species, charac-
teristics, or both.

DISCUSSION

LipidSig is the first web server dedicated to intensive
lipid-focused analyses and giving detailed insights into the
changes of lipid species and characteristics. It supports
robust data processing, data mining, and visualization to
functionally interpret complex lipidomic data. We provide
a comprehensive analysis workflow to identify significant
lipid features in different cellular or clinical phenotypes
(Figure 3 and Supplemental Figure S1). Our web server
also places great importance on Lipid Characteristics Anal-
ysis, designed to investigate the changes of diverse char-
acteristics in different experimental groups. Most existing
tools with similar functions require users to follow spe-
cific naming rules, for example ‘PC 36:2’ meaning a lipid
species belonging to PC class with chain length of 36, and
two double bonds. Then, they extract characteristics infor-
mation from this format. To the contrary, LipidSig allows
users to upload a characteristics table that defines charac-
teristics for each lipid species by themselves. The custom-
ary format limitation is thus mitigated, allowing the han-
dling of more lipid characteristics, class, shape (cone, cylin-
der), hydroxyl group, chain length, double bond, fatty acid
composition, etc. These characteristics are unique for lipids
and usually correspond to specific biological functions. Our
transformation function can convert expression data from
lipid species to lipid characteristics, and can be applied in
many analysis sections. In the ferroptosis case study, Lipid
Characteristics Analysis in ‘Profiling” and ‘Differential Ex-
pression’ revealed a clear decrease of the PC O- and PE O-
classes in the AGPS knockout group (Supplementary Fig-
ure S1A and S1D). The change in lipid class is considered
a good indicator of altered lipid metabolism pathways. The
enrichment result in ‘Network’ supported this point, indi-
cating that ether lipid metabolism might be affected (Figure
3E).

Moreover, Lipid Characteristics Analysis also examines
the changes of double bond, chain length, and hydroxyl
group that constitute fatty acid diversity. In Figure 4B and
C, we demonstrated the shift of double bond and chain
length between the control and the treatment group. Dou-
ble bond change represents membrane unsaturation degree
or fluidity, and has been connected to signaling transduc-
tion (16,17). Lipid chain length has been thought to be a
measure of fatty acid elongation or oxidation (18,37), but
recent findings have revealed that changes in chain length
(C16 up and C24 down in ceramide) could lead to insulin
resistance in obesity, unravelling a new role for specific chain
length (Figures 4C) (32,38). Further, owing to the flexibil-
ity of characteristics definition in LipidSig, users are able
to observe changes in a specific lipid group according to
their own experimental requirements. In Supplemental Fig-
ures S2C, whether lipids contain DHA was recorded in
the ‘Lipid characteristics table” and calculated. In addition,
the accumulation of lipid hydroperoxides on membrane is
recognized as the hallmark of ferroptosis (29). A redox-
lipidomics analysis can also be performed to evaluate al-
terations of hydroxyl and hydroperoxyl lipids as ferroptotic
signals (Supplemental Figures S2E) (19). It’s noted that
Lipid Characteristics Analysis uses a direct add-up func-
tion for selected characteristics regardless of data source.



Although this method has been widely used in many studies
(16-18,31,32), users should consider whether their data are
suitable for this process when analyzing certain lipid char-
acteristics.

Two unique functions, Fatty Acid Analysis and Multi-
Characteristics Analysis, derived from Lipid Characteris-
tics Analysis can extend more applications in LipidSig. The
first of these provides an analysis focusing on fatty acid in-
stead of lipid species in ‘Differential Expression’. This al-
lows users to examine different types of polyunsaturated
fatty acids (PUFAs) that are stored in lipids, and that ex-
ert special functions. For instance, compared to calcula-
tion for total double bonds in lipid species, an increase in
fatty acids with 6 double bonds was more reasonable af-
ter DHA (22:6) supplementation (Figure 4A and Supple-
mental Figures S2A). PUFA search through Fatty Acid
Analysis can be also used to explore substrate specificity
of acyltransferases (39). One example is to study arachi-
donic acid (AA; 20:4) incorporation by LPCAT3 in in-
testine and liver cells, which promotes lipoprotein assem-
bly (40). As for Multi-Characteristics Analysis, that can be
achieved in ‘Differential Expression” and ‘Machine Learn-
ing’. In the fenofibrate-treated case, we observed a ma-
jor change in chain length in the ceramide class (Figure
4B) (32). Another study showed that membrane saturation
remodeling by LPCAT1, a lysophosphatidylcholine acyl-
transferase, happened in the PC class (17). Newly, a similar
approach has also been implemented to explore the unique
pattern of chain length and desaturation in different lipid
classes by probing the mitochondrial lipidome of adipose
tissues (41). Thus, a two-characteristics analysis is suited to
studies that concentrate on specific reactions or pathways.
For working with more than two characteristics, users are
encouraged to build different machine learning models to
evaluate the importance of lipid-related variables. In Fig-
ure 4D-F, we demonstrated how the addition of various
lipid characteristics promotes structural or functional reso-
lution of the lipidome and links to specific phenotypes. This
method is useful for processing multidimensional lipidomic
data, and for discovering compelling biomarkers that can
be used in clinical research. For example, there have been
three large population cohorts combining machine learning
and lipidome to obtain new insights into complex disease
processes including coronary artery disease (8), obesity (9),
and type 2 diabetes (10). Moreover, LipidSig users can also
assess Human Metabolome Database (HMDB) database
to connect important lipid predictors with related diseases
(42).

Additionally, we developed two practical functions, ‘Cor-
relation’ and ‘Network’, to support further analysis. ‘Cor-
relation’ offers a clear heatmap to compare significant lipid
features for diverse clinical phenotypes (Supplemental Fig-
ures S3A). Lipid Characteristics Analysis can also be per-
formed here to assess the associations of a specific group of
lipids. Similar methods have been used to interrogate causal
effects of metabolites in nonalcoholic fatty liver disease
(NAFLD) (43) and acute-on-chronic liver failure (ACLF)
(44). The ‘Network’ page is divided into two parts. The first
of these is built from the Reactome database; its purpose is
to find connections between different lipids and their reg-
ulatory genes. Recently, a web-based tool called BioPAN
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has also been proposed to explore lipidome metabolic path-
ways (45). Different from our Reactome network, BioPAN
requires users to upload lipid expression data and in-
troduces a statistical model to identify activated or sup-
pressed lipid pathways based on a ratio of product over
reactant. In LipidSig, we can provide an overview of the
metabolic network and guide users to explore the criti-
cal reaction steps. On the other hand, BioPAN puts more
emphasis on the concept of lipid flux and also lists pre-
dicted genes, which could be involved in the reactions. The
other part, the pathway enrichment network, presents sig-
nificantly altered pathways based on related genes of se-
lected lipids. This multi-omics approach helped us find ether
lipid metabolism in Figure 3E and was recently adopted to
identify a metabolic signature in high-grade bladder cancer
(46).

In summary, we propose LipidSig as a highly flexible web
server that can conduct comprehensive and deep lipidomic
analysis. A strong emphasis has been placed on the func-
tionality of Lipid Characteristics Analysis, exemplified by
many published works using a wide range of datasets. Our
main hope is that LipidSig will bridge fundamental aspects
of lipid biology in order to contribute to the broader devel-
opment of lipidomics. Currently, there are more and more
interesting lipidomic datasets focusing on specific diseases
(8-10) or subcellular organelles available (41,47,48). These
datasets can help users grasp the essence of lipidomic anal-
ysis workflow in LipidSig. We will include them into the
demo datasets for our next update.
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