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Abstract

Background Lipids play key roles in numerous biological processes, including energy storage, cell membrane structure,
signaling, immune responses, and homeostasis, making lipidomics a vital branch of metabolomics that analyzes and char-
acterizes a wide range of lipid classes. Addressing the complex etiology, age-related risk, progression, inflammation, and
research overlap in conditions like Alzheimer's Disease, Parkinson’s Disease, Cardiovascular Diseases, and Cancer poses
significant challenges in the quest for effective therapeutic targets, improved diagnostic markers, and advanced treatments.
Mass spectrometry is an indispensable tool in clinical lipidomics, delivering quantitative and structural lipid data, and its
integration with technologies like Liquid Chromatography (LC), Magnetic Resonance Imaging (MRI), and few emerging
Matrix-Assisted Laser Desorption Ionization- Imaging Mass Spectrometry (MALDI-IMS) along with its incorporation into
Tissue Microarray (TMA) represents current advances. These innovations enhance lipidomics assessment, bolster accuracy,
and offer insights into lipid subcellular localization, dynamics, and functional roles in disease contexts.

Aim of the review The review article summarizes recent advancements in lipidomic methodologies from 2019 to 2023
for diagnosing major neurodegenerative diseases, Alzheimer’s and Parkinson’s, serious non-communicable cardiovascular
diseases and cancer, emphasizing the role of lipid level variations, and highlighting the potential of lipidomics data integra-
tion with genomics and proteomics to improve disease understanding and innovative prognostic, diagnostic and therapeutic
strategies.

Key scientific concepts of review Clinical lipidomic studies are a promising approach to track and analyze lipid profiles,
revealing their crucial roles in various diseases. This lipid-focused research provides insights into disease mechanisms, bio-
marker identification, and potential therapeutic targets, advancing our understanding and management of conditions such as
Alzheimer's Disease, Parkinson’s Disease, Cardiovascular Diseases, and specific cancers.
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SREBP-Ic Sterol regulatory element-binding
protein 1

STAT Signal Transducer and Activator of
Transcription

SWATH Sequence Window of All Theoreti-
cal Fragment Ion Spectra

TG Triacylglycerol

TIGIT T cell immunoreceptor with immu-
noglobulin and ITIM domain
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TIMS Trapped Ion Mobility
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Zeb2 Zinc-finger E-box-binding
homeobox 2
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1 Introduction

Lipids play an indispensable role in biological systems,
including cell signaling, storage of energy, and they also
form a major component of cell membrane, lipoproteins, and
exosomes. Lipids comprise of 13% of total dry weight of a
mammalian cell (Feijé Delgado et al., 2013). An organism
naturally maintains lipid levels to keep homeostasis (Berna
et al., 2023), but in cases of altered physiological conditions,
concentration of cellular lipids is impacted, sometimes very
significantly, thereby making them potential biomarkers for
various diseases. Meticulous study of lipid metabolism has
been enabled by implementation of lipidomics. Advent of
soft ionization technologies in the 1980s that allowed intri-
cate quantitation and identification of lipids, have made it
possible for researchers to delve into a deeper understanding
of lipid metabolism, and development of lipidomics (Han &
Gross, 2022).
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During the early stages of investigating lipid metabolism,
researchers predominantly utilized radioactively tagged
substances and thin layer chromatography (TLC) as their
primary experimental techniques (Deranieh et al., 2013).
The utilization of very sensitive mass spectrometry (MS),
in conjunction with innovative separation methodologies,
has significantly propelled the field of lipidomic investiga-
tion (Giera et al., 2022). Gas chromatography (GC) was
employed throughout the preliminary stages of the inves-
tigation to analyze sterols and fatty acids (Williams et al.,
2021). In contrast, the application of liquid chromatography
tandem mass spectrometry (LC-MS/MS) has facilitated the
efficient separation of lipids from intricate samples (Ziillig &
Kofeler, 2021). The utilization of triple quadrupole (QQQ)
mass spectrometry (MS) analyzers operating in the multi-
ple reaction monitoring mode (MRM) is required for the
successful implementation of targeted lipidomics. However,
untargeted lipidomics refers to the use of high-resolution
mass spectrometry (HRMS), followed by informatics analy-
sis utilizing databases such as MS-DIAL (Tsugawa et al.,
2020) and METLIN (Xue et al., 2020).

It is incontrovertible that serious non-communicable
cardiovascular diseases (CVD) along with various types of
cancer, have high mortality rates if untreated but debilitating
neurodegenerative diseases like AD and PD have created a
socio-economic quagmire. In the previous decades, genom-
ics and proteomics have been implemented to study these
diseases, to gain a better understanding of their mechanism
(Castegna et al., 2002; Jungblut et al., 1999). However, lipi-
domics have opened a new frontier in the quest to under-
stand these diseases and to discover new therapeutic tar-
gets and diagnostic procedures for these complex diseases.
The advent of technologies in lipidomics has enabled large
cohort studies with an extensive dataset, that can be utilized
to delve into the etiology of diseases as well as therapeutics.
(Meikle et al., 2021).

Lipidomic studies can help in unraveling lipid-lipid inter-
action and interaction of lipids with other biomolecules such
as metabolites and proteins (Barker-Tejeda et al., 2021). In
this review article, we are going to focus on analytical meth-
ods and advancements in lipid profiling and its significant
role in human diseases where aberrations in lipid profile
cause serious non communicable diseases like cardiovascu-
lar diseases (CVD), few types of cancers and neurodegen-
erative diseases like Alzheimers disease (AD), Parkinson’s
disease (PD) (Tables 1 and 2).

2 Lipids are a diverse group of biomolecules

Every lipid molecule is composed of a distinct head group
possessing a unique chemical composition, which is then
esterified to hydrophobic tails composed of fatty acyl chains
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Table 1 Lipidomics applied in neurodegenerative disorders such as PD and AD

S.No Disease Sample

Method

Major findings

References

1 PD and GD Human blood serum (278)

2 PD Mouse liver (5)

3 PD Human putamen (30)

4 PD Human CSF (30)

5 AD Human CSF (91)

6 AD Human plasma (40)

7 AD Human plasma and frontal
brain cortex tissue (229)

8 MCI Human plasma (1255)

HLPC-MS

GC/MS and UHPLC/MS

ESI-HR-MS

UPLC-ESI-qToF-MS/MS

LC-ESI-qToF-MS/MS

LC-QqQ-MS

Elevated levels of PC, PE,
LPE were observed in serum
samples of both PD and GD
patients. P-PE was increased
in serum samples of PD
patients. However, PG and
LPS were elevated in serum
samples of GD patients only

Long-chain saturated FAs
(C14:0, C15:0 and C20:0),
monounsaturated long- and
very long-chain FAs (C19:1,
C20:1, C22:1, C24:1) and
polyunsaturated long- and
very long-chain (C18:3,
C18:4, C20:2, C20:3, C20:5,
C22:4, C22:5, C22:6),
PC16:0, PC17:0, PC18:0,
PC16:1, PC18:2, PC20:3,
PC20:4, PC22:6 and PE16:0,
carnitines C6:0 or C18:0
were decreased in mice liver
samples

Cer (16:0 and 18:0) and
Hydroxyceramide (18:0) lev-
els were reduced in patients
with PD)

TG, SAFA, MUFA, PC, Cer,
and SM downregulated in
PD patients

Elevated levels of
0OxCer(40:6) and decreased
levels of OxTG(57:2) in
CSF samples of AD patients
with severe OSA was
observed

Upregulation of GP and Cer
was observed. Conversely,
SP and some other PL
were downregulated in AD
patients

UHPLC-MS/MS and FIA-MS/ Elevated levels of saturated

MS

LC/ESI/MS/MS

AC (3:0, 8:0, 10:0, 18:0),
polyunsaturated and diacyl
PC, LPC, Cer, unsaturated
TG, diglycerides, and
cholesterol species were
observed in AD patients

The levels of C18:0, C23:0,
C24:1, C18:0, C24:1, C24:1,
C40:3 were significantly
altered in patients with MCI,
suggesting strong correla-
tion with the disease. These
lipids are potential biomark-
ers for MCI

Loépez de Frutos et al. (2022)

Corral Nieto et al. (2023)

Beger, Dudzik, et al. (2022)

Fernandez-Irigoyen et al.
(2021)

Dakterzada et al. (2023)

Reveglia et al. (2023)

Kalecky et al. (2022)

Wang et al. (2021)

MeSH terms used: ‘Lipidomics AND Alzheimers disease AND alteration of lipids’ and ‘Lipidomics AND Parkinson’s disease AND alteration

of lipids’
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or sphingoid bases (Raghu, 2020). Specific chemical and
physical properties of the lipids are responsible for their
diverse biological functions. Number of scientific studies
have shown that changes in the lipid metabolism and its
homeostasis is connected to many serious diseases includ-
ing cancers, cardiovascular diseases and neurodegenerative
diseases amongst many others (Chen et al., 2021; Chiurchiu
et al., 2022; Fais et al., 2021; Zhou et al., 2021).

2.1 Lipids to lipidome

During the initial stages of the research on lipids, studies
were focused on specific molecules. But the necessity to
draw a complete picture of how lipids are crucial for the
health and disease of an individual gave rise to ‘lipidom-
ics’. The term ‘lipidome’ refers to the entirety of distinct
lipid molecular species present within a biological system,
cell, or organ (Kishimoto et al., 2001). The term ‘lipidom-
ics’ deals with the interaction between lipids and other
molecules (Lagarde et al., 2003; Wenk, 2005). Lipidomics
encompasses a diverse range of methodologies aimed at
the identification of distinct lipid species within a cellular
context. This comprehensive approach facilitates the elu-
cidation of the intricate mechanisms governing lipid-lipid
interactions and their interactions with other molecules
(Han & Gross, 2003). The difference in the very nature
of molecules that are under investigation in two different
cases is majorly responsible for the differentiation between

lipidomics and metabolomics, alongside the techniques
involved in both these disciplines (Kostidis et al., 2023).
Over an extensive duration, the principal emphasis of
metabolomics was zeroed on molecules that are soluble in
water, whereas conversely, lipidomics is oriented towards
molecules that are insoluble in water. The conglomera-
tion of these features has catalyzed the various advance-
ments achieved in the realm of lipidomics, encompassing
an array of analytical techniques and informatics strate-
gies. Similar to other analytical methodologies, lipidomics
adheres to a specific workflow that is summarized in the
workflow (Fig. 1). The key stages of lipid analysis include
(a) the collection of samples through a process known as
sampling and the proper storage of samples, (b) the prep-
aration/extraction of samples and sample normalization
(c) analytical calibration, (d) the actual analysis through
analytical instrument, (e) processing and normalization of
data, followed by (f) statistical evaluation and (g) valida-
tion of the data (Jurowski et al., 2017; Kvasnic¢ka et al.,
2023). Unique techniques employed in lipidome studies
includes MALDI-IMS comprising Matrix-assisted laser
desorption/ionization imaging mass spectrometry (Garrett
et al., 2007), has been utilized to detect and identify bio-
logical samples, simultaneously (Goto-Inoue et al., 2011).
The extraction and purification of lipids, which is the core
bottleneck in the workflow, often leads to the loss of lipid
distribution in valuable tissues.

Workflow of Lipidomic Analysis |

Sample
Collection

Types of
sample:

Biological Fluids
(e.g., serum,
plasma, CSF,

etc.)

Sample
Preparation

Sample
normalization

Lipid Analysis

Direct Infusion
MS (Shotgun
Lipidomics)

Storage of

samples
Separation-
based MS (LC-
Spiking of MS, GC-MS,
samples etc.)

Tissue samples

Cellular samples

Sample

extraction Mass

Spectrometry
Imaging

Validation

O (2]
Data

Statistical
Processing Evaluation

Batch
Correction

Univariate
Analysis

Panels of lipid
biomarkers

Multivariate

Data Analysis

Normalization
Non-
parametric
Test (e.g.,
Friedman's

Interlaboratory
harmonization

ANOVA)

Parametric
Test (e.g.,
One-way

ANOVA)

Reference

materials

Prediction
Survival

ROC Analysis

Fig. 1 The workflow showing processes of extraction, analysis and evaluation of lipidome study of biological samples
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3 Workflow of lipidomics
3.1 Biological samples

Lipidomic studies employ various biological samples, such
as biological fluids, tissue samples, and cellular samples,
depending on the specific research objective. Biomarkers
are primarily studied using biological fluid samples, while
tissue samples are employed to investigate the underlying
mechanisms of the pathophysiological process (Chetwynd
et al., 2017). It was observed that the predominant sample
types utilized in publications were plasma, serum, and tissue
and these sample types constituted 38%, 22%, and 16% of
the total articles, respectively during the year 2022 (Géhin
et al., 2023). While plasma and serum samples have been
commonly used in recent publications, the effectiveness
of the most popular extraction methods for cerebrospinal
fluid (CSF) remains uncertain as the lipid content is sig-
nificantly less in CSF, when compared to serum. CSF is
a crucial biological sample for investigating neurological
disorders like Alzheimer’s and Parkinson’s disease (Reichl
et al., 2020). Other unconventional samples such as apocrine
sweat (Kvasnicka et al., 2021), tears (Cicalini et al., 2019),
sebum (E. Sinclair et al., 2021) and saliva (Caterino et al.,
2023) have been also used in lipidomic studies.

3.2 Sample normalization

A key objective in quantitative lipidomics is to determine
the concentration of individual metabolites across multiple
samples, as the quantity of these metabolites can vary based
on the shape, size, and weight of the sample. Normalization
is crucial for precise lipid quantification and dependable
comparison among samples. The desired concentration of
lipids in a sample can be achieved by weighing the sample,
determining its lipid content, and adjusting the weight or
volume accordingly and comprise the initial first steps after
sample collection (Wu & Li, 2016).

3.3 Handling and storage of samples

The proper storage and handling of samples are vital steps
within the lipidomics workflow. Many investigations have
provided evidence indicating that the selection of collect-
ing tubes and the specific anticoagulant utilized can exert a
substantial influence on the lipid extraction process and the
ionization of blood samples in mass spectrometry (Dorow
etal., 2016; Kano et al., 2021; Wolrab et al., 2020). The uti-
lization of formaldehyde for tissue fixation may impact lipid
analysis due to the formation of a fixation gradient, wherein
the surface layers are more extensively fixed compared to

@ Springer

the deeper layers (Bauer et al., 2016). Consequently, this
gradient might result in autolytic degradation of the deeper
tissue layers (McFadden et al., 2019). Several research find-
ings emphasize the influence of preservation methods on the
lipid classes detected, leading to compromised data quality
(Beger, Hauther, et al., 2022; Yadav et al., 2022). Thus, eval-
uation of the preservation techniques prior to their imple-
mentation becomes utterly necessary. The concentration of
lipids may undergo significant changes if preanalytical con-
ditions are not suitable, necessitating certain precautions to
maintain their in vivo concentration. In 2023, a comparative
study was conducted on tissue samples collected from the
heart, liver, kidney and spleen of mice. The samples were
stored in ice water and as a control, some of the samples
were also stored at room temperature. It was observed that,
after 35 min, the change in lipid ratio was 60% in room
temperature, whereas, only about 10% in samples stored
in ice water (Dorochow et al., 2023). According to another
study conducted on blood sample of 83 individuals, it was
observed that 325 and 288 robust lipid species resisted insta-
bilities for up to 24 h at 21 °C and 30 °C, respectively (Wang
et al., 2023b). The collected samples should be preserved by
subjecting them to freezing conditions in liquid nitrogen at
a temperature of —80 °C (Kofeler et al., 2021).

3.4 Spiking of samples

Given the lack of agreement on optimal procedures for lipi-
domics workflow, it is imperative to establish a consensus
within the scientific community on the best practices. This
consensus will ensure that lipids do not degrade or undergo
changes during the process of sample collection and stor-
age. Implementing standardization protocols can enhance
the reliability of the outcome. Inadequate sample methods,
inappropriate storage temperatures, and flawed analytical
procedures can lead to the deterioration of intricate lipids
and the production of oxidized or hydrolyzed metabolites.
Hence, it is crucial to consider enzymatic activity and the
avoidance of lipid oxidation during sample preparation
(Ulmer et al., 2021). During sample preparation antioxidants
can be administered to decrease oxidation of lipids. There
are numerous ways an antioxidant can prevent or minimize
oxidation, such as by neutralizing the oxidation products,
by eliminating free radicals, chelating metals and ions and
preventing enzyme activation (Blanco & Blanco, 2017; Lii
et al., 2010). Some examples of antioxidants include methyl
silicone, ascorbic acid, transferrin, deferoxamine etc. (Ulmer
et al., 2021). Lipids are very sensitive to temperature, can
undergo polymerization as well as hydrolysis, which might
interfere with results, due to which spiking of samples is
needed especially when comparing samples. The addition
of a predetermined quantity of lipid standards to biologi-
cal samples is vital, as it serves to rectify discrepancies in
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extraction efficiency, ionization efficiency, and instrument
sensitivity. This practice enables accurate quantification of
lipids within the samples. The samples have the potential to
be enriched with isotopically labeled lipid standards. (Reichl
et al., 2020).

3.5 Sample extraction

The extraction process may be classified into numerous cat-
egories, with monophasic and biphasic being the most prev-
alent methods. Triphasic extraction, also known as Three-
phase liquid extraction (3PLE), offers advantages over the
widely used Bligh/Dyer Liquid-liquid extraction method.
The 3PLE approach is a one-step liquid-liquid extrac-
tion process, including an aqueous phase and two organic
phases. The use of 3PLE has greatly enhanced the identi-
fication of lipids in direct-infusion workflows by reducing
ion suppression, resulting in a considerable increase in the
quantity of lipids detected. Additionally, it facilitated the
detection of less common lipids, such as phosphatidic acid
and phosphatidylserine, which are present in lesser quanti-
ties. Furthermore, 3PLE demonstrated its usefulness as a
suitable instrument for fatty acid profiling using GC/MS,
enabling the distinct identification of both neutral and polar
fatty acids (Vale et al., 2019). Phospholipids may be detected
and isolated by the use of Solid Phase Extraction (SPE),
which employs silica gel-aminopropyl-silica gel SPE car-
tridges for the purpose of separation. This technique has
effectively been used for the separation and identification
of phosphatidylcholine, lysophosphatidylcholine, phos-
phatidylethanolamine, phosphatidylglycerol, phosphatidic
acid, phosphatidylinositol, phosphatidylserine, cardiolipin,
and sphingomyelin. The separation process occurs in four
stages, which are determined by the polarity of the head-
group. The sample was obtained using LC-MS technology.
Solid-phase extraction (SPE) has been shown to be very
effective in removing both polar and non-polar impurities
from phospholipids, as well as preventing peak overlap
that often results in ion suppression (Fauland et al., 2013).
The Folch extraction technique which employs methanol
and chloroform is commonly recognized as the standard
method for extraction (Géhin et al., 2023). However, the
Matyash extraction, which involves a combination of methyl
tert-butyl ether (MTBE) and methanol, has demonstrated
improved comprehensiveness and repeatability of metabo-
lites and is one of the most used extraction techniques used
in 2022 lipidomics studies (Géhin et al., 2023). Additionally,
the Matyash extraction aligns with the principles of green
chemistry by eliminating the need for chloroform. Although
it results in a reduction in the maximum level of intensity
(Avela & Sirén, 2020). When dealing with cerebrospinal
fluid (CSF) as a sample, it is crucial to employ a highly sen-
sitive extraction technique due to its lower lipid content in

comparison to serum or plasma. Research findings have indi-
cated that the modification of the Folch extraction method
is very appropriate for extracting several lipid classes from
cerebrospinal fluid (CSF), such as glycerophospholipids,
glycerolipids, and sphingolipids (Reichl et al., 2020). A
comparative analysis of three biphasic extraction methods
for the extraction of polar and non-polar compounds. These
methods include chloroform/methanol/water, dichlorometh-
ane/methanol/water, and MTBE/methanol/water (Southam
et al., 2021). In addition, the researchers conducted a com-
parison between a monophasic extraction approach uti-
lizing a mixture of acetonitrile, methanol, and water for
polar component extraction, and a monophasic extraction
method employing a combination of isopropanol and water
for nonpolar compound extraction. The polar extracts were
subjected to analysis using hydrophilic interaction chro-
matography (HILIC) coupled with ultrahigh-performance
liquid chromatography—mass spectrometry (UHPLC-MS),
whereas the nonpolar extracts were examined using C18
reversed-phase UHPLC-MS. The researchers discovered
that monophasic approaches exhibited superior yield and
repeatability compared to biphasic methods. Sarafian and
her colleagues conducted a comparison of eight different
sample preparation techniques to optimize the extraction
and measurement of blood plasma lipids using UPLC-
MS lipid profiling. Isopropanol (IPA) was found to be the
most resilient solvent, capable of extracting a wide range of
lipid species. It is particularly well-suited for efficient and
comprehensive lipid profiling utilizing UPLC-MS in high-
throughput settings. The scientists found that employing iso-
propanol precipitation is a more straightforward method that
can enhance the effectiveness of protein removal, as well as
improve lipid coverage and recovery (Sarafian et al., 2014).
Additional research has also demonstrated that monophasic
extraction utilizing IPA was simpler and yielded one of the
most significant detection responses among all identified
lipid classes, with a high level of reproducibility (Calder6én
et al., 2019; Southam et al., 2020). Therefore, monopha-
sic approaches have been determined to be more efficient,
simpler, and more suited for potential automation (Southam
et al., 2021) (Fig. 2).

3.6 Separation techniques

Lipidomics research often utilizes gas chromatography
(GC) or liquid chromatography (LC)-based separation
methods. Initially GC-EI (electron ionization) MS was
used to analyze lipids. The implementation of separa-
tion strategies serves to mitigate the intricacy inherent in
biological matrices. The prevailing method employed for
lipidomic investigations is reverse phase liquid chromatog-
raphy (RPLC). In the year 2022, a significant proportion
of published literature, approximately 73%, referred to the
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Fig.2 (a) Representation of various Lipid Classes. (A) Fatty Acids
(FA), where R represents the acyl chain. (B) Glycerolipid (GL),
where R1, R2, and R3 represent various acyl chains. Represented
‘Glycerol background’ might include monoacylglycerol (MG),
diacylglycerol (DG) or triacylglycerol species (TG). (C) Glycer-
ophospholipid/Phospholipid (GP/P) (structure represents phos-
pholipid with a hydrophilic head and hydrophobic tail), where R1
and R2 represent acyl chains. X represents hydrogen/choline(PC)/
ethanolamine(PE)/serine(PS)/inositol(PI)/phosphatidylglycerol/
glycerol(PG). (D) Sphingolipid (SP), where R represents acyl
chain, and X represents Hydrogen(Cer)/phosphocholine(SM)/
glucose/galactose/lactose/oligosaccharide/sugar + sulphate. E)
Sterol lipid (ST). (F) Prenol lipid (PR). (G) Saccharolipid (SL),
where R represents acyl chain. (H) Polyketide (PK), where n rep-
resents carbonyl groups. (All lipid structures are drawn using
free version of online tool Kingdraw and arranged on Biorender
canvas). (b) Examples of various lipid classes and their ITUPAC

utilization of the RPLC separation approach. The other
separation techniques employed include hydrophilic inter-
action liquid chromatography (HILIC) in 5% of the studies,
and gas chromatography in 5% of the studies (Géhin et al.,
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General Precursor

names: (A) Octadecanoic acid. (B) 1,3-dihydroxypropan-2-yl
(13Z)-docos-13-enoate. (C) 1-palmitoyl-2-oleoyl phosphatidyle-
thanolamine. (D) N-[(2S,3R,4E)-1,3-dihydroxyoctadec-4-en-2 yl]
pentacosanamide. (E) (1S,2R,5S,10S,11S,14R,15R)-2,15-dimethyl-
14-[(2R)-6-methylheptan-2-yl]tetracyclo[8.7.0.07{2,7}.00{11,15}]
heptadec-7-en-5-ol. () 2-methyl-3-[(2E,7R,11R)-3,7,11,15-
tetramethylhexadec-2-en-1-yl]-1,4-dihydronaphthalene-1,4-di-
one. (G) [(2R,3S,4R,5R,6R)-5-[(3R)-3-(dodecanoyloxy)
tetradecanamido]-6-{[(2R,3S,4R,5R,6R)-3-hydroxy-5-[(3R)-
3-hydroxytetradecanamido]-4-{[(3R)-3-hydroxytetradecanoyl]oxy } -
6-(phosphonooxy)oxan-2-ylJmethoxy }-2-(hydroxymethyl)-4-{[(3R)-
3-(tetradecanoyloxy)tetradecanoyl]oxy } oxan-3-yl]oxy } phosphonic
acid. (H) (4S,4aS,5aS,68S,12aS)-4-(dimethylamino)-3,6,10,12,12a-
pentahydroxy-6-methyl-1,11-dioxo-1,4,4a,5,5a,6,11,12a-octahydro-
tetracene-2-carboxamide. (All lipid structures are drawn using free
version of online tool Chem4draw and arranged on Biorender canvas)

2023). A recent study assessed the quantification of lipid
concentration using HILIC and RPLC methodologies. The
study also contrasted the results determined for the same
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Fig.2 (continued)

lipid species in NIST SRM 1950 human blood with those
acquired in a previously reported multi-laboratory inquiry.
The researchers have shown that, despite differences in the
matrix effects, both procedures yield similar outcomes for
PE, LPE, and SM, which align with the existing consensus
values. Nevertheless, when measuring the amounts of LPC
lipids, the HILIC approach produced greater quantities in
comparison to RPLC MS, especially for PC lipids that are
highly unsaturated (Lange & Fedorova, 2020).

3.7 Lipidome analysis

Mass spectrometers are often preferred as detectors because
of their exceptional specificity and sensitivity. Furthermore,
the mass spectrometers have a broad range of applicability,
enabling the identification of a diverse array of lipids (Ziil-
lig et al., 2020). A significant proportion of the published
literature, approximately 95%, referred to the utilization of
Mass Spectrometry (MS) as a detection technique. Three of
the most used MS techniques used in current studies involve
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direct infusion MS (also called “shotgun lipidomics”), chro-
matographic techniques coupled with MS and more recently
mass spectrometry imaging (MSI) (Géhin et al., 2023). Sep-
aration of lipid ions in the gas phase was made possible by a
gas phase electrophoretic technique which is, ion-mobility
mass spectrometry (IMS) (Paglia et al., 2015). The separa-
tion of lipid ions occurs within a chamber that is pressured
and contains a buffer gas, such as Nitrogen (Lapthorn et al.,
2013). IMS, when amalgamated with MS, has a number of
benefits. The combination of these two techniques enables
determination of the collision cross section (CCS), which
enhances the accuracy of lipid identification. The peak
capacity and signal-to-noise ratio of IMS-MS is superior to
the traditional techniques. The IMS-MS combination is sug-
gested to improve the specificity of MS/MS-based approach
(Paglia et al., 2015).

3.7.1 Targeted lipidomics

Targeted lipidomics is a methodology employed to find
and quantify distinct lipid compounds through the utiliza-
tion of discovery experiments and relevant literature. When
doing targeted lipidomics, a predetermined group of lipids
is analyzed in a quantitative manner. The quadrupole linear
ion trap is commonly employed in conjunction with mul-
tiple reaction monitoring (MRM) collection because to its
extraordinary characteristics, such as its wide linear range,
enhanced sensitivity, and amazing stability (Lin et al., 2019).
MRM, also known as multiple reaction monitoring, is a
quantitative mass spectrometry approach that is primarily
concerned with the monitoring of particular precursor ions
and their matching product ions. In the process of multiple
reaction monitoring (MRM), a particular transition, namely
precursor-to-product ion pairs, is typically chosen to spe-
cifically target the lipids that are of interest. The utiliza-
tion of liquid chromatography-multiple reaction monitor-
ing (LC-MRM) is frequently observed in tandem with lipid
separation and quantification processes (He et al., 2021).
In recent research, there has been an increased utilization
of parallel reaction monitors (PRM), quadrupole time-of-
flight instruments, and orbitraps, which have demonstrated
improved efficacy (Park et al., 2020). The data collecting
strategy employed in targeted lipidomics is characterized
by its simplicity, as seen by several recent research that
have utilized readily accessible technologies like Skyline
(Adams et al., 2020) and XCMS-MRM (Park et al., 2020).
MRM performed on a high-resolution mass spectrometer
(HRMYS) offers prospective advantages in terms of resolving
power and sensitivity. This analytical technique allows for
the identification of a substantial quantity of low molecular
weight compounds, generally those with a mass below 600
Daltons (Da). The MRM method demonstrated a notable
level of specificity and sensitivity when compared to the
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Single Ion Monitoring (SIM) technique, as well as a broad
linear dynamic range. Nevertheless, the analysis of lipids
may be susceptible to matrix effects, which have the poten-
tial to impact the precision and reliability of results. MS/
MS/MS (MRM3) has some advantages upon classic MRM
quantification (Guironnet et al., 2022).

An additional approach, known as Parallel Reaction Mon-
itoring (PRM), is a quantitative mass spectrometry method
that enables the concurrent monitoring of all precursor ions
and their corresponding product ions within a certain mass
range. The technology offers data with a high level of reso-
lution and selectivity. The adoption of PRM in lipidomics
is becoming increasingly prevalent due to its capacity to
offer extensive lipid profile. The analysis of intricate lipid
mixtures, such as those present in biological materials like
cells and tissues, might yield significant insights (van Ben-
tum & Selbach, 2021). PRM is being used to augment the
existing understanding of the sphingolipidome in zebrafish,
the researchers employed PRM-based LC-MS methodology
to comprehensively quantify ceramides in zebrafish (Zhang
et al., 2019). Similarly, PRM was also used for lipidomic
study in yeast and Enterococcus faecalis (Tague et al., 2019).
One of the foremost benefits of employing PRM in lieu of
MRM is the marked reduction in the occurrence of errone-
ous positive outcomes. The utilization of HRMS-based PRM
exhibits a notable degree of precision, effectively discerning
precursor ions with a high level of accuracy. The task at hand
proved to be unattainable for a triple quadrupole mass spec-
trometer utilizing multiple reaction monitoring. However,
one of the most significant limitations of PRM pertains to
its low scan rate, thereby impeding expeditious and efficient
analysis (Xu et al., 2020).

3.7.2 Untargeted lipidomics

The high-resolution mass spectrometry (HRMS) technol-
ogy is widely employed in untargeted lipidomics investiga-
tions. Currently, the full scan, data-independent acquisi-
tion (DIA), and data-dependent acquisition (DDA) modes
of HRMS acquisitions are widely employed. During the
full scan mode, a range of m/z data is acquired inside a
specific window to create ions corresponding to various
molecular species (Defossez et al., 2023). During the DIA
acquisition mode, the HRMS conducts a comprehensive
scan on the first mass spectrometry (MS1) and then ana-
lyzes all precursor ions. The proposal to enhance the selec-
tivity of DIA techniques involves the use of sequential
window of all theoretical fragment-ion spectra (SWATH)
acquisition (Bonner & Hopfgartner, 2019). In the DDA
mode, the HRMS does a comprehensive scan on MS1 and
subsequently conducts an analysis of specifically chosen
precursor ions. One of the primary advantages of DIA
mode over DDA mode is that under-sampling of peaks
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does not occur due to its quick acquisition rate (Defossez
et al., 2023). The continuous improvement in the capacity
and accuracy of MS equipment necessitates the develop-
ment of novel data processing technologies. Various data
analysis tools have shown their usefulness in processing
untargeted lipidomics data. Examples of such data analysis
tools include Mzmine3 (Schmid et al., 2023), MSDIAL4
(Tsugawa et al., 2020), and Lipostar (Goracci et al., 2017).

3.7.3 Shotgun lipidomics

Shotgun lipidomics does not require a preliminary separa-
tion procedure before mass spectrometric analysis. This
method is conducted under controlled experimental condi-
tions, maintaining a consistent concentration of lipid solu-
tion (Ejsing et al., 2009; Han & Gross, 2003; Hsu, 2018).
In addition to reducing the impact of variables that might
hinder the accurate identification and measurement of spe-
cific lipid species, shotgun lipidomics offers other benefits
over LC-MS methods. It can effectively eliminate chroma-
tographic abnormalities and ion-pairing alterations (Han
et al., 2012). In addition to that, a thorough tandem MS
analysis can be conducted as constant infusion concentra-
tion can provide researchers ample time to improve mass
spectral signal/noise ratios (Han et al., 2012). The earliest
ionization technique employed in shotgun lipidomics is
direct infusion-based electrospray ionization. The tech-
nical approach has been broadened by the advancement
of MALDI matrices that are specific for small molecules
(Ibrahim et al., 2017; Shanta et al., 2011). The scope of
shotgun lipidomics is further expanded by the advance-
ment of analytical techniques that include direct desorp-
tion or imaging analysis, such as desorption electrospray
ionization (DESI), liquid extraction surface analysis-mass
spectrometry (LESA-MS), and mass spectrometry imaging
(MSI) (Ellis et al., 2013; Hall et al., 2017).

Nevertheless, this lipidomic technique is not without
its own constraints. The first limitation of the approach
is ion suppression. Ion suppression in shotgun lipidomics
can manifest in two distinct forms: intraclass ion suppres-
sion and interclass ion suppression. The phenomenon of
ion suppression renders the signals of lipid species with
low abundance and/or poor ionizability nearly undetect-
able (Hu et al., 2020). Secondly, shotgun lipidomics is
unable to distinguish between specific lipid species due
to the overlap in their isobaric mass, which hinders the
clear identification of lipids. Thirdly, in-source fragmen-
tation is consistently observed in ESI-MS. This approach
is unable to distinguish some types of isomers that have
a comparable or identical pattern of fragmentation (Hu
et al., 2019, 2020).

3.7.4 MRM-based lipidomics

Targeted lipidomics is a specialized analytical approach
employed to precisely quantify individual lipids that are
integral to specific metabolic pathways. The lipids identified
through this process have undergone extensive pre-screening
and scholarly examination, indicating that they are likely
to serve as a drug target or a promising biomarker. The
employment of MS-based multi-reaction monitors (MRMs)
and parallel reaction monitors (PRMs) acquisition modes
is ubiquitous in both shotgun and LC-MS-based targeted
lipidomics. The utilization of ESI in conjunction with triple-
quadrupole (QQQ) MRM-based MDMS shotgun lipidomics
for targeted lipid detection is widely regarded as a potent
methodology due to its exceptional sensitivity, resolution,
efficiency, and expansive scope. This methodology empow-
ers lipid researchers to effectively leverage the distinctive
benefits inherent in mass spectrometry for lipid examina-
tion, and to fully capitalize on the singular physicochemical
characteristics of lipid varieties in order to achieve optimal
separation and ionization while minimizing ion suppression
(Wang & Han, 2016) In the realm of targeted lipidomics, the
quadrupole linear ion trap is utilized in conjunction with
MRM acquisition, in addition to the triple quadruple MS,
due to their exceptional attributes, including its expansive
linear range, heightened sensitivity, and remarkable stabil-
ity (Lin et al., 2019). Even with the manifold benefits, it is
essential to acknowledge that MRM-based techniques are
subject to certain limitations due to their inherent draw-
backs. Owing to the limited resolution of the quadrupole,
false positive identifications and inaccurate quantification
may arise (Liu et al., 2013). The acquisition of MRM data
is subject to a constraint on dwell time, which consequently
imposes an upper limit on the ion pair that can be detected.
The incorporation of a minimum of two MRM transitions
has been observed to yield enhanced outcomes (Cajka &
Fiehn, 2016). Contemporary technological progress has ena-
bled the realization of numerous MRM transitions (Giles
et al., 2018).

3.7.5 PRM-based lipidomics

In addition to QQQ-based MRM, the utilization of PRM on
HRMS presents a viable methodology. However, it is impor-
tant to note that MRM is widely regarded as the benchmark
technique for targeted lipidomics analysis. At present, the
utilization of PRM-based targeted lipidomics is being widely
implemented across various domains of scientific inquiry. In
2017, Zhou and his colleagues demonstrated the use of the
PRM acquisition strategy on a Q-TOF platform for targeted
lipidomics analysis in human serum (Zhou et al., 2017). The
PRM methodology to augment the existing understanding of
the sphingolipidome in zebrafish, the researchers employed
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PRM-based LC-MS methodology to comprehensively quan-
tify ceramides in zebrafish (Zhang et al., 2019). Similarly,
PRM was used for lipidomic study in yeast and Enterococcus
faecalis (Rampler et al., 2017; Tague et al., 2019). One of
the foremost benefits of employing PRM in lieu of MRM is
the marked reduction in the occurrence of erroneous positive
outcomes. The utilization of HRMS-based PRM exhibits a
notable degree of precision, effectively discerning precursor
ions with a high level of accuracy. The task at hand proved
to be unattainable for a triple quadrupole mass spectrometer
utilizing multiple reaction monitoring. However, one of the
most significant limitations of PRM pertains to its low scan
rate, thereby impeding expeditious and efficient analysis (Xu
et al., 2020). To surmount this challenge, it is imperative to
enhance the speed of the scanning process. Thankfully, con-
temporary Quadrupole Time-of-Flight (QTOF) instruments
can execute as many as 100 PRM experiments in a single
cycle, thereby enabling extensive monitoring of precursor
and product ions on a grand scale (Yu et al., 2018). In light
of the respective strengths and weaknesses inherent in both
PRM and MRM, some researchers have posited that a syn-
ergistic approach that capitalizes on the superior precision
of PRM and the expedited pace of MRM may yield optimal
outcomes. It has been proposed that following the identifi-
cation of MS2 spectra via PRM, the ion pairs list may be
transferred to MRM for rapid scanning, thereby enabling
high-throughput quantitative analysis (Zhou et al., 2016).

3.7.6 Role of internal standards and harmonization
in lipidomics

Mass spectrometry (MS) has emerged as the favored tech-
nique for conducting quantitative lipid analysis owing to its
remarkable sensitivity, molecular specificity, and unparal-
leled resolution in comparison to nuclear magnetic reso-
nance (NMR). Owing to the intricacies associated with a
substantial sample complexity, the absence of a correspond-
ing internal standard can prove to be a genuine hindrance,
potentially resulting in quantitative inaccuracies (O’ Donnell
et al., 2020). Researchers employ criteria and recommenda-
tions in order to ensure the best workflow of lipidomics that
allows an accurate and efficient study of a wide spectrum of
interconnected lipids. The Lipidomics Standards Initiative
is a collaborative effort aimed at coordinating the creation
of best practice recommendations in lipidomics. It operates
under the framework of the International Lipidomics Society
(Kofeler et al., 2021; McDonald et al., 2022).

The Lipidomics Standards Initiative (LSI) has put forth
a proposal encompassing three distinct categories of quan-
titation in MS-based lipidomics. At the foundational level,
the process involves aligning internal standards (IS) in
a manner that adheres to established criteria, while also
considering the unique analytical response exhibited by
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different species. In essence, this implies a preference for
utilizing species-specific internal standards (SILL) during
the analytical procedure. Progressing to the second level,
it necessitates the alignment of internal criteria with the
corresponding lipid class as the analyte under investiga-
tion. Finally, the third level encompasses the application
of non-congruent internal standards, wherein the analytes
are standardized in relation to other lipid class compounds.
In order to improve the accuracy of data generated through
targeted and untargeted methods, it is imperative to con-
sider the isomeric diversity of specific lipids, particularly
fatty acids, as well as the disparities among mass spec-
trometer ion sources (Luque de Castro & Quiles-Zafra,
2020). Ongoing scholarly investigations are currently
focused on a nascent realm of analysis, commonly referred
to as lipid mediator (LM) metabolomics or metabololipid-
omics (Serhan, 2017).

For targeted lipidomics, errors are minimized by intro-
ducing stable isotope-labeled internal standards. The ratio
of the analyte to the internal standards is then measured
as a response. Conversely, in untargeted lipidomics, the
normalization procedures mostly depend on model-driven
approaches (Ejigu et al., 2013). The limited availability of
leveled compounds is a significant obstacle to the effec-
tive use of ISs in untargeted profiling. However, globally
U-13C labelled samples have demonstrated encouraging
outcomes (Bueschl et al., 2014; Rampler et al., 2017). Uti-
lizing a substantial number of internal standards is typi-
cally deemed appropriate for untargeted lipidomics profil-
ing (Wang et al., 2017).1t has been noticed that the use of
stable isotope tagged internal standards for specific lipid
classes does not provide consistent findings across various
laboratories globally. This discrepancy can be attributed to
variations in sample preparation processes, diverse sample
introduction techniques and MS instruments utilized, as
well as differences in analytical platforms (Triebl et al.,
2020).

A comprehensive global lipidomics investigation con-
ducted across many laboratories utilizing their preferred
mass spectrometry-based techniques revealed substantial
discrepancies in the reported lipid concentrations across
the participants (Bowden et al., 2017).The comparison
investigation relied on a single reference sample [National
Institute of Standards and Technology standard reference
material (NIST SRM) 1950 (Phinney et al., 2013)] In order
to reduce discrepancies in outcomes, Triebl and his col-
leagues suggest that lipidomics studies should include
appropriate reference materials, such as laboratory-spe-
cific long-term reference (LTR) or commercially avail-
able standards (e.g., NIST SRM 1950). This will mitigate
method-specific quantitative biases and improve the com-
parability of results (Triebl et al., 2020).
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3.7.7 Current technologies in lipidomics

3.7.7.1 Mass spectrometry with magnetic resonance imag-
ing A remarkable development was made by combin-
ing magnetic resonance imaging and mass spectrometry
(MRI-MS) and has emerged as prominent technological
breakthroughs in contemporary lipid detection method-
ologies. The use of MRI and MRS-based techniques holds
significant promise in the comprehension of breast cancer.
The utilization of in vivo proton (*H) magnetic resonance
spectroscopy (MRS) is prevalent in distinguishing breast
malignancies from benign conditions through the quantifi-
cation of increased choline-containing chemicals. Moreo-
ver, the utilization of hyperpolarized '3C and *'P magnetic
resonance spectroscopy (MRS) has contributed to the
advancement of knowledge about glucose and phospholipid
metabolism. Additional multi-center research is required to
investigate the utilization of MRI and MRS methodologies
and their integration into clinical environments (Sharma &
Jagannathan, 2022). Magnetic resonance imaging (MRI) is
a medical imaging technology that employs high magnetic
fields and radio waves to obtain detailed pictures of cross
sections from the target sample’s tissues (Ho et al., 2017).
MRI allows for the acquisition of a three-dimensional ana-
tomical structure of a specific sample with high resolution,
providing an accurate representation of the sample shape.
MRI and MSI were used to examine the spatial patterns
of alkaloid distribution in two separate areas of develop-
ing areca nuts (the seeds of Areca catechu). Furthermore,
a separate investigation used MSI to identify gadoteridol
(an MRI contrast agent) in human gliomas using DESI-MS
imaging after doing MRI analysis (Tata et al., 2015).

3.7.7.2 Matrix-assisted laser desorption/ionization coupled
with mass spectrometry (MALDI-MS) (a) MALDI coupled
with trapped ion mobility spectrometry (TIMS)

The development of a new technique MALDI-TIMS,
a MALDI quadrupole time-of-flight (Q-TOF) mass spec-
trometer integrated with trapped ion mobility spectrometry
(TIMS) results in a significant enhancement of over 250%
in the peak capacity seen during ion mobility spectrometry
(IMS) studies (Djambazova et al., 2020). In MALDI TIMS
analysis, TOF ion mobility spectrometry is used which pro-
vides additional structural and conformational data. The
process of data interpretation is quite intricate due to the
incorporation of isotopes and isobars. The integration of ion
mobility separations enhances the ability to resolve complex
mixtures and address the challenges inherent in lipid ion
mobility spectrometry. A recent study on deep lipidotyping
to elucidate the structural features showed that the acquisi-
tion rate for both C =C and sn-position isomers in biologi-
cal tissues may be significantly improved by high-pressure-
OzID in MALDI-MS/MS imaging (Zhang et al., 2022b).

(b) MALDI coupled with imaging mass spectrometry
(MALDI-IMS)

Matrix-assisted laser desorption/ionization (MALDI)
imaging mass spectrometry (IMS) is a novel and capti-
vating two-dimensional MALDI-MS technique (Goto-
Inoue et al., 2011) that enables the direct mapping of
lipids inside tissue creating spatial maps inside tissues
analyzed. Various matrices (Altelaar et al., 2006; Astigar-
raga et al., 2008; Cha & Yeung, 2007; Chan et al., 2009;
Jun et al., 2010; Meriaux et al., 2010; Shanta et al., 2011;
Shrivas et al., 2010), application techniques (Baluya et al.,
2007; Bouschen et al., 2010; Franck et al., 2009; Grove
et al., 2011; Hankin et al., 2007; Puolitaival et al., 2008;
Shimma et al., 2007), and matrix modifiers (Cerruti et al.,
2011; Sugiura & Setou, 2009) have been used in MALDI
IMS investigations to determine the efficacy and param-
eters of these method modifications for lipid analysis.
Considerable progress has been made in addressing the
technical obstacles associated with the identification and
measurement of molecules in the field of matrix-assisted
laser desorption/ionization-imaging mass spectrometry
(MALDI-IMS). By incorporating novel quick peak align-
ment techniques, this approach exhibits a notable degree of
dependability. Moreover, the scope of its application may
be extended to include a wide range of human medical
conditions. (Gameiro-Ros et al., 2023).

3.7.7.3 Tissue microarray matrix-assisted laser des-
orption/ionization imaging mass spectrometry (TMA
MALDI-IMS) The technique employs the integration of tis-
sue micro-array (TMA), a technological approach enabling
researchers to generate a singular microscope slide includ-
ing several tissue samples, typically organized in an array
configuration. This facilitates the concurrent examination
of several tissue samples, resulting in increased throughput
(Gameiro-Ros et al., 2023). TMA approach has been suc-
cessfully applied to studies in AD (Sjobeck et al., 2003),
malignancies due to changes in gene expression (Casadonte
et al., 2017; Luu et al., 2009), and other oncological studies
(Cole & Clench, 2015). The use of this technique is often
seen in scientific research pertaining to cancer, neurology,
and other disciplines that prioritize the examination of lipid
spatial distribution. The TMA MALDI-IMS technique offers
several benefits, such as enhanced data integrity and resil-
ience, along with greater efficiency in workload manage-
ment. The investigation of tumor infiltrating lymphocytes
(TILs) in colorectal cancer (CRC) tissues is now a subject
of active research. This study aimed to evaluate the potential
of using spatial lipidomics by MALDI-MSI to differentiate
CRC tissue samples based on their TIL concentration (Denti
et al., 2021). When combined with the implementation of
innovative quick peak alignment techniques, this methodol-
ogy demonstrates a high level of reliability. Furthermore, its
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applicability may be expanded to encompass many human
medical conditions. (Gameiro-Ros et al., 2023).

3.7.8 Data normalization and processing

One often utilized method for data normalization involves
the use of a singular normalizing factor, such as biomass,
internal standard, mean, median, or total intensity of charac-
teristics, throughout a specific sample. This approach guar-
antees that the distribution of intensities remains unchanged.
Typically, lipid intensities are frequently normalized by the
utilization of either spiked-in internal standards that accu-
rately represent the majority of the essential lipid classes, or
by taking into account the wet weight of the sample. Differ-
ent normalizing processes modify the distribution of intensi-
ties by applying a distinct normalization factor to each peak
in every sample (Smirnov et al., 2021). The high throughput
nature of untargeted lipidomics results in the generation of
substantial amounts of data, sometimes referred to as “big
data.” Consequently, the analysis of this data becomes very
complex. Therefore, in the absence of specific targeting,
lipidomics studies must depend on computer algorithms,
statistical testing, and mathematical treatments. Various
software programs, such as Progenesis QI, can be employed
to initially transform raw data into a suitable format for sub-
sequent processing (Lacalle-Bergeron et al., 2023) which
can be read by softwares such as MetaboAnalyst (Pang et al.,
2021) after removing complications using softwares like
Mzmine (Pluskal et al., 2010) A peak detection tool called
“NeatMS” was developed in order to address the prevailing
issues of irreproducibility and peak overpicking encountered
in the post-acquisition phase of omics data analysis (Gloag-
uen et al., 2022). To interpret these data in context of clini-
cal information several statistical tools are used. Machine
learning (ML) has become more popular in the context of
the big data revolution, since it enables the construction of
models such as diagnostic tests that facilitate the translation
of research findings into clinical practice.

4 Lipids: a key player in diseases

Lipids have a crucial role in cellular physiology. Not only
lipids are the fundamental constituents of cellular mem-
branes, but they are also responsible for cellular oxidation.
Lipids act as an energy powerhouse, by storing excess chem-
ical energy that can be utilized by the cells during energy
depletion. In addition, lipids have important functions in
controlling cellular bioenergetics by coordinating oxidative
metabolic processes (Michalik et al., 2006). They also regu-
late systemic energy balance by producing eicosanoids and
lysolipids (Skoura & Hla, 2009; Vegiopoulos et al., 2010).
Furthermore, lipids play a role in regulating the flow and
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efficiency of the mitochondrial electron transport chain,
such as through cardiolipin and fatty acids (Zhang et al.,
2002). Lipid membranes also act as molecular structures
that support effective interactions between membrane-asso-
ciated components, which control cellular signaling. This
enables the transmission of biological information across
cell membranes, between different parts within a cell, or to
neighboring cells. Moreover, the behavior and character-
istics of membrane bilayers play a crucial role in influenc-
ing the functions of transmembrane proteins, including ion
channels and ion pumps (Gross & Han, 2011; Schmidt &
MacKinnon, 2008). Alteration in lipid levels can be potent
biomarkers for diseases. Bioactive lipid mediators are syn-
thesized due to the breakdown of lipid constituents of the
cellular membranes. Prolonged alteration in lipid pathways
lead to cellular stress which propels the accumulation of
allostatic load, which represents the initial stage of a clini-
cal condition (Devaki et al., 2013). If the organism fails to
recover from the stressed condition, it leads to an imbalance
in the production of metabolic pathway biomarkers, which
can be measured using modern lipid analyzers (Avela &
Sirén, 2020). The analysis of the specific outcomes result-
ing from different lipid species in physiological pathways
has the potential to provide a conceptual framework for
comprehending recently identified targets that govern lipid
homeostasis. These findings possess noteworthy ramifica-
tions for the therapeutic management of metabolic disorders.
The examination of abnormalities in the metabolism of fatty
acids encompasses a broad range of human illnesses. A sig-
nificant proportion of human cells have a restricted ability to
efficiently regulate the excessive buildup of lipids. Saturated
fatty acids have been shown to have a detrimental impact on
cellular integrity, therefore initiating a wide range of unfa-
vorable cellular responses, including inflammation, reactive
oxygen species (ROS) generation, and apoptosis (Sramek
et al., 2021). Inquiries are made into the examination of
lipid-related toxicity and the intricate pathways involved in
several organs, including the kidney, liver, heart, skeletal
muscle, bone, pancreas, and brain (Michel et al., 2011).

4.1 Lipid involvement in neurodegenerative
and brain diseases

Lipids are the most abundant biological macromolecules pre-
sent in the brain accounting for almost 60% of its dried mass
(Legido-Quigley, 2021). A connection between imbalance in
the dietary intake of essential fatty acids and impaired brain
development or disease is observed in many clinical stud-
ies (Melo et al., 2019). Lipids play some extremely crucial
roles in the brain, for example: proper functional matura-
tion of retina and visual cortex requires decosahexaenoic
acid (DHA) (Sinclair, 2019). Almost about 25% of body’s
total cholesterol is in the brain (Bjorkhem & Meaney, 2004).
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Cholesterol plays a primary role in synaptogenesis which is
crucial for healthy brain functioning. Besides cholesterol,
sphingolipids are also abundant in the brain (Hussain et al.,
2019). Sphingolipids are formed by the metabolic conver-
sion of sphingomyelin. However, de novo synthesis of sphin-
golipids occurs in the endoplasmic reticulum (ER). The for-
mation of dihydrosphingosine occurs via the combination of
serine and palmitoyl-CoA. Dihydrosphingosine undergoes
binding with a fatty acyl CoA, resulting in the formation of
dihydroceramide. Ceramide synthases catalyze this process.
Other than that, sphingolipids are also synthesized by the
salvage pathway, in lysosomes (Mandik & Vos, 2021). The
development of schizophrenia and metabolic syndrome may
be attributed to the pathological alterations in the typical
metabolism of SP and its homeostasis (Hussain et al., 2019).
Given the substantial presence of lipids inside the brain and
their capacity to exert impact on cellular processes, it is very
probable that they undergo modifications in many brain dis-
orders. However, the extent of our understanding pertaining
to the relationship between lipid modification and several
neurological illnesses remains significantly constrained. The
incomplete comprehension may be attributed, in part, to the
challenges associated with investigating the vast array of
lipids present in the brain.

4.1.1 Alzheimer’s disease

Alzheimer’s Disease (AD) is the most common form of
dementia, which has the highest mortality rate among neu-
rodegenerative diseases. According to the recent data, the
number of cases will be twice the current number in Europe
itself, and triple worldwide (Nichols et al., 2022). The brain
exhibits a significant abundance of lipids, and disturbances
in lipid homeostasis have been implicated in AD. The pro-
cess of aging is correlated with changes in the composition
of lipids. Alteration of fatty acids inside lipid rafts and brain
lipid peroxidation have been seen during the first phase of
AD (Kao et al., 2020). The initial stages of AD, also known
as the cellular phase, is characterized by the accumulation
of soluble and insoluble amyloid p (van Dyck et al., 2023)
Extracellular aggregates of amyloid f, also known as senile
plaques, are formed by the breakdown of Amyloid precursor
protein (APP) (Breijyeh & Karaman, 2020) by p-secretase
and y-secretase. The most common form A peptide that
constitutes the senile plaque is the 42 amino acid form, due
to their low solubility and higher tendency to assemble into
fibrils (Madnani, 2023). Another important hallmark of AD
is the abnormal entanglement of hyperphosphorylated tau
proteins, leing to the formation of intracellular neurofibril-
lary tangles (NFTs) (Breijyeh & Karaman, 2020; Madnani,
2023).

In a research done in 2022, Hwangbo along with their col-
leagues observed elevation of SM(d18:1/18:1), CE(16:1),

CE(20:1), and PC(18:0/20:3) in the cerebrospinal fluid
(CSF) of 57 patients with AD compared to the control
group (n=385). In contrast, the levels of PE(P-18:0/22:6),
PE(18:0/20:4), and PE(18:0/22:6) were shown to be
decreased in individuals diagnosed with AD. Both untar-
geted and targeted lipid analysis were completed using liq-
uid chromatography coupled with electrospray ionization
tandem mass spectrometry using a triple qurupole analyzer
(LC(HILIC)-ESI-MS/MS(QqQ)). Statistical analysis was
performed using logistic regression, receiver operating curve
(ROC), Area Under the ROC Curve (AUC), and Principal
Component Analysis (PCA) using the R package (Hwangbo
et al., 2022) (Fig. 3).

A study conducted on 82 blood plasma samples from
the Sydney MAS Cohort. Among these samples, 40 indi-
viduals were diagnosed with AD, while the remaining indi-
viduals were cognitively normal controls. The research-
ers conducted untargeted lipidomic analysis using liquid
chromatography coupled-mass spectrometry (LC-MS/
MS) and observed changes in different lipid classes. Sta-
tistical analysis included the utilization of the receiver
operating curve (ROC) and area under ROC (AUC)
obtained using the R package pROC. Upregulated lipids
in plasma samples of patients include Cer(d18:0_16:0),
SM(d35:4), PC(16:0_22:6), PE(16:0p_22:6), PI (18:0_18:3),

A NEURODEGENERATIVE DISEASES

(i) Alzheimer's Disease (ii) Parkinson's Disease

LPC-020:0T

SM(d18:1/18:1) T LPC 0-18:1 7
)\ CE(16:1) T PC 0-42:37

CE(20:1) T FA 22:27
PC(18:0/20:3) 7 FA19:0T
PE(P-18:0/22:6) | 12-HETET
PE(18:0/20:4) |, PE 36:0 1
PE(18:0/22:6) |, PC31:1

PC38:4

LPE 22:5]

B CARDIOVASCULAR DISEASES

Cer(d18:1/16:0) 1
Cer(d18:1/18:0) 1
Cer(d18:1/24:1) T
Cer(d18:1/24:0) |
PC(16:0/16:0) T
PC(16:0/22:5) |,
PC(14:0/22:6) |

Fig.3 Representation of lipidome study and the changes in the lipid
profiles observed in Alzheimer’s Disease (AD), Parkinson’s Disease
(PD) and Cardiovascular Diseases (CVD) lipidome according to
recent studies (A and B) (Created with BioRender.com). (A) Changes
in lipids in AD (Hwangbo et al., 2022) and PD (Dahabiyeh et al.,
2023) as deduced by various lipidome analysis. (B) Lipidome profil-
ing in cardiovascular diseases (Hilvo et al., 2020)
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DG(16:0_18:3), and TG(18:1_17:1_18:3). Conversely,
Cer(d18:1_23:0), SM(d41:1), PC (20:2_18:2), PE
(18:0_18:1), DG(18:1_20:4), and TG(18:1_12:0_14:0) were
downregulated in patients compared to the control group
(Liu et al., 2021).

An untargeted lipidomic analysis on cerebrospinal fluid
samples from 17 individuals with dementia, 15 individu-
als with Mild Cognitive Impairment (MCI), and 18 healthy
controls. UHPLC-MS/MS was used to analyze the lipid
content in the samples. The study discovered increased
levels of total ceramides in the cerebrospinal fluid (CSF)
of patients with AD, while monohexosylceramide (MHC)
was found to be reduced. In patients, there was a signifi-
cant decrease in the levels of specific subsets of MHC,
namely d18:1/18:0-, d18:1/20:0-, d18:1/24:1-, d18:2/18:0-,
d18:2/22:0-, d18:2/24:0-, and d18:2/24. This study is sig-
nificant as it is the first to identify changes in MHC levels
in cerebrospinal fluid (CSF) samples of patients with AD
(Byeon et al., 2021).

In addition to the aforementioned research, there are fur-
ther studies that provide evidence of recurrent dysregulation
of certain categories of lipids in individuals with AD. Upreg-
ulation of LDL-C has been observed in patients (Igbal et al.,
2020; Liu et al., 2020; Saiz-Vazquez et al., 2020; Wu et al.,
2019; Zhou et al., 2020). Sphingolipids such as sphingomy-
elin, ceramide, sulfatide, and sphingosine and phospholipids
such as phosphatidylcholine, plasmogens, phosphatidylino-
sitol are major constituents of lipid raft. These lipids play a
significant role in the formation of beta-amyloid, aggravat-
ing. This fact is backed up by a study conducted in 2017,
that exhibits upregulation of sphingomyelin and ceramides
in CSF samples of patients (Wong et al., 2017). Therefore,
LDL-C, sphingolipids and phospholipids can be potential
biomarkers for AD.

Although, the advent of modern technologies to facilitate
comprehensive lipid analysis has enabled us to gain deeper
knowledge on lipids which me it possible to identify bio-
markers for prognosis, diagnosis, and discovery of novel
therapeutic approaches. However, there are still some chal-
lenges and limitations in the current lipidomics research,
such as the heterogeneity of the samples, the variability
of the analytical methods, and the complexity of the data
interpretation. Therefore, more standardized and com-
prehensive lipidomics studies are needed to validate and
expand the existing knowledge and to explore new avenues
for AD research.

4.1.2 Parkinson’s disease
Parkinson’s Disease (PD) is an age-dependent neurode-

generative disorder that is increasingly affecting the global
population. It is speculated that 17.5 million people will be
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affected with PD by 2040 and will most probably lead to a
“PD Pandemic” (Klestrup et al., 2022).

Lipids play an important role in the early diagnosis and
prognosis of PD and other neurological disorders. Although,
the exact etiology of PD yet to be solidified, it has been
observed that brain, which is heavily lipid-laden, is patho-
logically influenced by a protein called a-synuclein (aS),
coded by the SNCA gene (Fanning et al., 2019). aS is accu-
mulated into proteinaceous filamentous aggregates, known
as ‘Lewy Bodies’. The accumulation of ‘Lewy bodies’ in
the brainstem, limbic system, and cortical areas lead to the
dopaminergic neuronal death in the striatum and substan-
tia nigra (Fan et al., 2021). This degeneration subsequently
leads to the impairment of motor functions, such as bradyki-
nesia, rigidity, compromised postural balance, and the devel-
opment of a distinct resting tremor. Patients also develop
dementia as the disease progresses (Fan et al., 2021). Dur-
ing the advanced phase of PD, it is common to see non-
motor symptoms such as symptomatic postural hypotension,
constant reliance on laxatives for constipation, and urinary
incontinence (Neag et al., 2020).

In 2023, a study was conducted on 10 Macaca mulatta
primates, examining their brain samples. In this study, 5 of
the primates were injected with 1-methyl-4-phenyl-1,2,3,6-
tetrahydropyridine (MPTP) to induce symptoms like Parkin-
son’s disease, while the remaining primates received saline
injections as a control. Using a MALDI-Fourier-transform
ion cyclotron resonance (FTICR)-MSI in dual polarity,
researchers observed a decrease in long-chain hydroxylated
sulfatides with polyunsaturated chains (SHexCer t41:2,
t42:2, t42:3, and t43:2) in the GPi, GPe, and SNR regions
of the brain in the MPTP-lesioned group compared to the
control group. Conversely, certain long-chain non-hydrox-
ylated sulfatides (SHexCer d40:1, d40:2, d42:1, and d41:1)
showed an increase. Further data processing and statistical
analysis was also performed using SCiLS Lab, SIMCA 15.0
and GraphPad Prism. The authors of this study concluded
that the observed differences between control and MPTP-
lesioned brain tissues may be linked to the development of
Parkinson’s disease caused by MPTP. (Kaya et al., 2023).

Another study conducted on serum samples from a cohort
of 50 patients diagnosed with idiopathic PD at various
phases (early, mid, or advanced), as well as 45 age-matched
controls. The researchers used untargeted liquid chroma-
tography—tandem mass spectrometry (LC-MS/MS) and
detected substantial increases in LPC-O 20:0, LPC O-18:1,
PC 0-42:3, FA 22:2, FA 19:0, 12-HETE, and PE 36:0 as PD
progressed, in comparison to the control group. Addition-
ally, Partial Least Squares Discriminant analysis, heat maps,
volcano plots, and receiver operating curve (ROC) were used
to perform statistical analysis. Nevertheless, the values of PC
31:1, PC 38:4, and LPE 22:5 exhibited a decline as the dis-
ease advanced. The authors have reached a conclusion that
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the alteration of several serum lipid classes, such as phos-
phatidylcholines (PCs), fatty acids (FAs), lysophosphati-
dylcholines (LPCs), phosphatidylethanolamines (PEs), and
hydroxyeicosatetraenoic acids (HETEs), during the progres-
sion of the disease indicates their potential use in monitoring
the course of PD. (Dahabiyeh et al., 2023) (Fig. 3).

Other noteworthy investigations involved examination
of sebum samples from a cohort of 274 individuals, of
whom 56 were controls, 80 were PD patients who had not
previously taken any medication, and the remaining were
medicated PD patients. TAG (50:5) and Cer (42:0, 40:0,
38:1) have been found to be downregulated in PD patients
by the researchers, using Ultra-High-Performance Liquid
Chromatography Quadrupole Time-of-Flight Tandem Mass
Spectrometry (UHPLC-qToF-MS/MS). Additionally, the
researchers used MATLAB and Origin to carry out Partial
Least Squares Discriminant analysis and univariate receiver
operating characteristic analysis, respectively. (Sinclair
et al., 2021).

Besides the previous studies, there are other publications
demonstrating repeated dysregulation of certain classes of
lipids in PD patients. Several research studies have provided
more extensive data about significant lipid dysregulation
linked to Parkinson’s Disease. Researchers have observed a
rise in the levels of HETE and isofurans in the plasma and
substantia nigra (SN) of patients diagnosed with PD (Fessel
et al., 2003; Lee et al., 2009; Seet et al., 2010). Elevated con-
centrations of sulfatides have been seen in the plasma and
visual cortex of individuals with PD, as well as in the sub-
stantia nigra (SN) of male PD patients (Cheng et al., 2011;
Kurup & Kurup, 2003; Seyfried et al., 2018). Patients with
PD have elevated plasma concentrations of GM3 ganglio-
sides and N-acetylneuraminic acid-3 (NANA-3) ganglio-
sides, compared to those without the condition (Chan et al.,
2017; Zhang J et al., 2017). Plasma samples from individuals
with PD have shown reduced levels of carnitine and long-
chain acylcarnitine (Crooks et al., 2018; Saiki et al., 2017,
Zhao et al., 2018). Serum and plasma levels of TAG are
reduced in male patients with Parkinson’s disease (Cereda
et al., 2012; Chan et al., 2017; Gregorio et al., 2013; Guo
et al., 2015; Saddksjdrvi et al., 2015; Wei et al., 2013; Zhang J
et al., 2017). PD patients have reduced plasma concentra-
tions of PE 34:2. Reduced levels of total PE have been seen
in the substantia nigra of individuals with PD before to ther-
apy, only in males following treatment, and in the primary
visual cortex (Cheng et al., 2011; Riekkinen et al., 1975;
Seyfried et al., 2018). Plasma and frontal brain samples from
individuals with PD have shown reduced levels of PC 34:2
and 46:2, PC 34:5, 36:5, and 38:5, as well as total PC. In
addition, only male PD patients have shown decreased levels
of these compounds in the substantia nigra (SN) (Seyfried
et al., 2018; Wood et al., 2018; Zhang J et al., 2017). PD
has been linked to reduced levels of plasma cholesterol, as

shown by numerous studies (Cereda et al., 2012; Guo et al.,
2015; Ikeda et al., 2011; Kirbas et al., 2014; Wei et al., 2018;
Zhang L et al., 2017). Elevated levels of LDL-cholesterol
are linked to an increased risk of Parkinson’s disease (Benn
etal., 2017; Guo et al., 2015; Huang et al., 2007, 2008; Ikeda
et al., 2011; Kirbas et al., 2014; Zhang L et al., 2017).

The recent investigations have effectively elucidated
the lipid alterations linked to the advancement of PD via
extensive research. From the aforementioned studies, it can
be concluded that the lipid signatures have facilitated the
acquisition of a deeper understanding of the etiology of
the disease, as well as establishing a strong basis for future
research endeavors aimed at enhancing the diagnosis and
prognosis of PD.

4.2 Cardiovascular diseases and growing role
of lipidomics

Cardiovascular diseases (CVD) are responsible for the
greatest number of deaths worldwide. A staggering total
of 928,741 fatalities due to CVD was recorded in the year
2020, in United States alone (Tsao et al., 2023). As per the
findings of the American Heart Association (AHA), it has
been established that CVD surpasses the collective mortality
rates of various cancer types and Chronic Lower Respiratory
Disease (CLRD) within the United States (Tsao et al., 2023).
Hence, it becomes imperative to establish biomarkers that
can proficiently discern and evaluate the potential risk asso-
ciated with CVD. The cardinal manifestation of CVD is the
perturbation in lipid homeostasis. But the knowledge about
changes in the concentration of well-established lipid mark-
ers including low density lipoproteins cholesterol (LDL-C),
high-density lipoproteins cholesterol (HDL-C), triglycer-
ides, and total cholesterol (Tabassum & Ripatti, 2021) is
not enough to establish novel biomarkers. Enhancement of
the prognosis can only be attained by using lipidomic assess-
ment with large population-based cohort along with pro-
longed observational monitoring. Identification of disparities
in lipid homeostasis can serve as a catalyst for individuals to
enhance their lifestyle choices. It will facilitate timely detec-
tion and pharmacological intervention, ultimately leading to
a significant reduction in mortality rates. Further exploration
of lipidomics is imperative to enhance the consistency of
information and mitigate the presence of incongruous data.

A recent untargeted lipidomic study was conducted on
1057 individuals with Coronary Artery Disease (CAD),
using LC-MS. The researchers were able to identify 767
lipid species in the platelets lipidome of the participants,
out of which lysophosphatidylserine, lysophosphatidyle-
thanolamine, and phosphatidylethanolamine with MUFA
or PUFA were significantly upregulated in patients (Harm
et al., 2023).
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In another study, investigation was conducted into the
potential synergistic relationship between ceramide and
phosphatidylcholines (PCs) in predicting cardiovascular
disease (CVD) events. The study focused on patients with
atherosclerotic coronary heart disease and utilized data from
three distinct cohort studies: WECAC (The Western Norway
Coronary Angiography Cohort) (N=3789), LIPID (Long-
Term Intervention with Pravastatin in Ischaemic Disease)
trial (N=5991), and KAROLA (Langzeiterfolge der KAR-
diOLogischen Anschlussheilbehandlung) (N =1023). The
researchers utilized liquid chromatography-mass spectrom-
etry (LC-MS) to determine that a risk score based on cera-
mide and phospholipid levels, which may effectively pre-
dict the likelihood of residual cardiovascular disease (CVD)
events in individuals diagnosed with coronary artery disease.
R software was utilized for statistical computations in all of
the studies. (Hilvo et al., 2020) (Fig. 3).

In a population-based cohort study of lipids on a group
of older adults residing in four different communities in
the United States was conducted on plasma samples using
RPLC coupled with electrospray ionization tandem mass
spectrometry (QQQ). Additionally, statistical analysis
was done, employing cox regression. The study revealed
a heightened susceptibility to heart failure in plasma sam-
ples exhibiting elevated concentrations of Cer(d18:1/16:0)
and SM(d18:1/16:0). On the other hand, it was shown that
plasma samples exhibiting heightened concentrations of
Cer(d18:1/22:0), SM(d18:1/20:0), SM(d18:1/22:0), and
SM(d18:1/24:0) were correlated with a reduced likelihood
of developing heart failure. (Lemaitre et al., 2019).

Besides the aforementioned studies, it is evident from
several studies that total cholesterol (TC), LDL-cholesterol
(LDL-C), and HDL-cholesterol (HDL-C) has been suc-
cessfully used as a marker to determine the risk of devel-
oping cardiovascular diseases. However, further investiga-
tions have allowed the evaluation of new markers, such as
sphingolipids and phospholipids, to determine CVD risk.
These lipids have been previously linked with atherosclero-
sis (Havulinna et al., 2016; Laaksonen et al., 2016; Mundra
et al., 2018; Tarasov et al., 2014). Clinics and diagnostic
laboratories have developed tests based on LC-MS based
prognostic and diagnostic markers. CERT2 is a ceramide-
and phospholipid-based risk test, which efficiently predicts
CVD and CAD mortality risk. In a study conducted in 2022,
a CERT?2 test was conducted on 1260 elderly participants
aged more than or equal to 64 years, utilizing LC-MS to
analyze the lipids. The aim of the study was to perform a
risk assessment of developing CVD, CAD and stroke with
a follow-up period of 18 years. In order to determine the
effectiveness of CERT2, the results were compared with
those of conventional lipids such as LDL-C and HDL-C.
It was observed during the 18-year follow-up period that
a higher CERT?2 score showed significant association with

@ Springer

CVD, CAD and stroke, but failed to exhibit a strong asso-
ciation with conventional lipids (Katajamiki et al., 2022).
CERT?2 test is included in diagnostic portfolio of Zora
Biosciences (Finland) to assess the risk of heart attack and
Type 2 Diabetes (https://zora.fi/diagnostic-portfolio/). Use of
LC-MS to analyze Sphingolipids, such as Cer (d18:1/16:0),
Cer(d18:1/18:0), Cer(d18:1/24:0), Cer(d18:1/24:1), Cer16:0,
Cerl8:0, Cer24:0, Cer24:1, N-palmitoyl-sphingosine,
N-stearoyl-sphingosine, N-nervonoyl-sphingosine, N-lig-
noceroyl-sphingosine are primarily tested in CERAM test,
conducted in Mayo Clinic Laboratories, to assess the risk
of coronary revascularization, myocardial infarction, acute
coronary syndrome hospitalization and mortality within
5 years (https://www.mayocliniclabs.com/test-catalog/overv
1ew/606777).

Although many studies have enabled the identification of
potential lipid biomarkers and therapeutic targets for CVD
diagnosis, prognosis, and treatment, there are still gaps in
lipidomics studies due to the immense variation in studies
which hinders the progress in identifying biomarkers. The
anticipation of analytical and clinical validation, as well
as clinical utility studies, is high as researchers anxiously
anticipate the results that will investigate the potential ben-
efit of biomarker panels when implemented in real-world
clinical settings.

4.3 Diagnosing lipids in cancers and their role
in development of therapeutics

The cancer cells consist of many heterogeneous cells mak-
ing up the cancerous tumor tissue, however the study of
tumor cannot be limited to the study of cells in the tumor
but also the tumor microenvironment which consists of
immune cells, blood vessels, extracellular matrix (ECM),
fibroblasts, lymphocytes, bone marrow-derived inflamma-
tory cells, and signaling molecules (Del Prete et al., 2017;
Spill et al., 2019). Cancer cells alter the signaling pathways
to sustain their growth and avoid cell death/apoptosis. Along
with alterations in signaling pathway cancer cells tend to
alter the metabolic pathways like production of lactate in
presence of oxygen while limiting the energy production
to glycolysis (Schiliro & Firestein, 2021) and generation
of high levels of a-ketoglutarate and citrate in the Krebs
cycle due to increased glutamine metabolism (Yoo et al.,
2020). It was found evident that cancer cells alter the fatty
acid metabolism which increases tumor invasion and migra-
tion (Bergers & Fendt, 2021; Huang & Freter, 2015). The
alterations in the various signaling and metabolic pathways
related to lipids can help to increase in demands for energy
and building blocks for rapid proliferation (Manfreda et al.,
2023), that can support tumor progression improving the
growth, survival, and adaptability of the cancer cells along
with helping the tumor microenvironment for promoting
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A. Intrahepatic
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Fig.4 Representation of lipidome study in various cancers and the
changes in the lipid profiles observed in lipidome according to recent
studies (A-E) (Created with BioRender.com). (A) Intrahepatic chol-
angiocarcinoma (initial and advanced phase) (Chen et al., 2022). (B)
Colorectal Cancer (Elmallah et al., 2022). (C) Breast Cancer (Rosini
Silva et al., 2020). (D) Lung Cancer (Klupczynska et al., 2019). (E)
Gastric Cancer (Pih et al., 2020)

tumor progression. Utilization of mass spectrometry for
quantitative lipid analysis in cancer research shows that up-
regulation and downregulation of dysregulated lipids that
can be associated with tumor progression provides potential
future use of lipidomic analysis in early cancer diagnosis and
find targets for developing therapeutics (Wolrab et al., 2019).
Hence, understanding the role of lipids can give us a novel
way to fight cancer and cancer related diseases with less side
effects and more efficiency (Table 3).

4.3.1 Lung cancer

Lung cancer is the leading cause of deaths 1.8 million
deaths in both the genders (18%) due to malignancy
and has the second highest incidence rate 2.2 million
cases (11.4%) among other cancers (Sung et al., 2021).
Lipidome screening in lung cancer indicates choline-
containing phospholipids like lysoPC aC26:0, lysoPC a
C26:1, PC aa C42:4, and PC aa C34:4, were present in
high concentrations in the serum indicating lipidomics
will have impactful results in study of potential therapeu-
tic targets as they indicate the presence of a disease, the
disease’s progression, or the effectiveness of a treatment
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(Klupczynska et al., 2019) (Fig. 4). Identifying elevated
choline-containing phospholipids during lung cancer lipi-
dome screening may guide therapeutic approaches by tar-
geting enzymes involved in their synthesis or breakdown,
potentially influencing disease progression or treatment
response. Altered lipid metabolism was observed using
UHPLC-Q-TOF/MS (quadrupole time-of-flight mass spec-
trometry) in phosphatidylethanolamines metabolism and
three lipids FA (20:4), FA (20:0), LPE (20:4) were found
to have potential to help diagnosing by its capability to
distinguish nonsmoking female Lung cancer with adequate
sensitivity and specificity, and also has a satisfactory sort-
ing effectiveness for early-stage lung cancer (Noreldeen
et al., 2020). According to a study the identification of
cancer at an early stage relies on a particular combina-
tion of lipids, specifically in three classes which were con-
firmed with the help of matrix-assisted laser desorption/
ionization MS imaging (Wang et al., 2022). These lipid
classes include phosphatidylcholines with combinations of
fatty acid chains such as 16:0_18:1, 16:0_18:2, 18:0_18:1,
18:0_18:2, and 16:0_22:6. Additionally, lysophosphatidyl-
cholines with fatty acid chains 16:0, 18:0, and 20:4, as well
as triglycerides with the combination 16:0_18:1_18:1,
play an essential role in the early detection of cancer.
Using LC-MS/MS on lung tumor tissues revealed nota-
ble changes in lipid profiles, particularly affecting cera-
mides (Cer) and sphingomyelins (SM). Very long-chain
sphingolipids were notably reduced in non-small cell lung
cancer (NSCLC) tissues compared to nonmalignant sam-
ples. Lipidomic analyses showed disruptions in glycer-
ophospholipids, sphingolipids, and cholesteryl esters in
NSCLC tissues, indicating significant alterations in these
lipid classes. Paired analysis highlighted distinct shifts in
the metabolism of specific lipids like phosphatidylcho-
lines (PC), phosphatidylserines (PS), phosphatidic acids
(PA), and phosphatidylinositols (PI) in NSCLC, providing
insights into the pathobiochemical processes underlying
the condition (Cifkova et al., 2022). The detection of all
the lipid molecules which has potential to serve as bio-
marker can revolutionize the management and prevention
of lung cancer with earlier detection of the disease, pre-
cise diagnosis, better customized treatment approaches,
and better patient outcome after treatment. However, these
claims require validation through larger-scale clinical
studies, especially considering the relatively small sam-
ple sizes in the above-mentioned studies (n < 100). For
instance, serum samples from a group of 138 individuals
underwent LC-MS/MS analysis to examine compounds
like mristoyl-sn-glycero-3-phosphocholine, 16b-hydrox-
yestradiol, 3-phosphoserine, cholesteryl sulfate, D-lyxose,
dioctyl phthalate, DL-lactate, and Leu-Phe (Shang et al.,
2023). The diverse insights from lipidomic studies in
lung cancer offer promising avenues for early detection,
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personalized treatment, and improved patient outcomes,
yet the validation through larger-scale clinical studies
remains pivotal for their transformative potential in lung
cancer management and prevention.

4.3.2 Pancreatic cancer

In pancreatic ductal adenocarcinoma, a study found atypi-
cal decrease in cholesterol and LDL concentrations from 18
to 6 months before diagnosed (Sah et al., 2019). However,
increase in levels of LDL cholesterol showed increase in
cancer progression by activating signal transducer and acti-
vator of transcription (STAT)-3 phosphorylation which helps
with tumor survival and progression by regulating various
hallmarks of cancer like cancer cell survival, invasion, and
tumor progression (Jung et al., 2021). Some clinical studies
suggest that decreased expression of LDLR leads to decrease
in viability of cancer cells and recurrence of the patients
with pancreatic cancer (Lu et al., 2020). These results pave
the way for identification of new therapeutic targets and bet-
ter understanding of the role of lipid metabolism in pancre-
atic cancer leading to improved diagnostic and treatment
strategies for patients. Another study suggests that the main-
tenance of KRAS-mediated HSL regulation and the conse-
quent modulation of lipid storage, utilization, and metab-
olism can contribute to development of therapeutics for
suppressing metastasis and enhance survival of the patient
(Rozeveld et al., 2020). A study showed KRAS-driven
metabolic switch can get altered due to changes in sphin-
golipids concentrations in patients with Pancreatic Ductal
Adenocarcinoma. The measurements and assessment for this
work were carried out in several labs, including the groups
located in Pardubice, Regensburg, and Singapore. Various
mass spectrometry (MS)-based procedures, including ultra-
high performance supercritical fluid chromatography/mass
spectrometry (UHPSFC/MS), shotgun low-resolution mass
spectrometry (LR-MS), shotgun high-resolution mass spec-
trometry (HR-MS), reversed-phase ultra-high performance
liquid chromatography/mass spectrometry (RP-UHPLC/
MS), and matrix-assisted laser desorption/ionization mass
spectrometry (MALDI-MS), were used in this investigation.
(Wolrab et al., 2022). These studies have highlighted the
role of lipid molecules in KRAS related metabolic path-
ways where alteration in concentration of the lipid molecules
can promote tumor progression and enhance the invasive
properties of pancreatic cancer. Another study elucidates
that the study of alteration in glycosphingolipids concentra-
tion by using LC/ESI-MS2 can contribute to identification
of new biomarkers in Pancreatic Ductal Adenocarcinoma
and help in developing new therapeutic strategies (Horejsi
etal., 2023). Lipidica, a.s. (Czech Republic) aims to globally
advance non-invasive, laboratory-based, and early diagnosis
for malignant neoplasms. Their focus lies in fundamental

research utilizing lipidome analysis, alongside mathemati-
cal modeling and artificial intelligence algorithms. Lipid-
ica is geared towards collaborating continuously with top
clinical and research institutions to implement diagnostic
methods, fostering potential life-saving impacts (LIPIDICA.
COM — New Method for Early Pancreatic Carcinoma Detec-
tion). LC-MS/MS analysis was conducted on 361 Pancreatic
Ductal Adenocarcinoma patients, focusing on sphingomy-
elins (SM) and ceramides (CER) as key lipid markers. These
lipid species play roles in signaling, impacting cancer cell
fate, chemotherapy response, and resistance mechanisms.
Elevated ceramide levels, identified in PDAC tissue and
serum of patients with lymph node metastases, implicate
their involvement in metastasis. Additionally, cholesteryl
esters (CE) were studied as markers. Inhibiting cholesterol
biosynthesis has been linked to driving epithelial-to-mes-
enchymal transition (EMT) in pancreatic tumor cells, con-
tributing to a more aggressive tumor phenotype (Mahajan
et al., 2021). The collective findings across pancreatic ductal
adenocarcinoma studies underscore the critical role of lipid
metabolism in cancer progression, offering potential avenues
for therapeutic intervention and improved diagnostic strate-
gies, shaping the future of pancreatic cancer management
and patient outcomes.

4.3.3 Breast cancer

Breast cancer is one of the foremost leading causes of deaths
in females (6.9%) and highest incidence rate 11.7% (Sung
et al., 2021). Serum fatty acid profiling of patients with
breast cancer recorded significant changes in FA profile
after 12 months of treatment, further beneficial changes like
increased BCFA and OCFA levels, and improved n-6/n-3
PUFA ratio were also seen suggesting breast cancer patients
lack normal lipid concentrations (Pakiet et al., 2023).
Unsaturated phosphatidylcholines (PC ae 16:0_20:4, PC ae
18:0_20:5, PC ae 16:0_20:5, and PC ae 18:0_20:6) are over-
expressed in breast cancer survivors and found decreased
with the metformin treatment using untargeted LC-QTOF-
MS metabolomics, targeted LC-MS metabolomics, and gas
chromatography phospholipid fatty acid assay (Bellerba
et al., 2022). This shows that the metformin treatment may
prevent the cancer cell growth to avoid obesity related breast
cancer by altering the metabolism of phosphatidylcholines
and phospholipid, and lipid desaturase activity. At a mecha-
nistic level, the release of oleic acid by adipocytes dem-
onstrated inhibition of lipid peroxidation and ferroptosis in
triple-negative breast cancer cells when ACSL3 was present
providing new therapeutic targets for treating breast cancer
(Xie et al., 2022). At a mechanistic level, the release of oleic
acid by adipocytes demonstrated inhibition of lipid peroxi-
dation and ferroptosis in triple-negative breast cancer cells
when ACSL3 was present (Xiao et al., 2022). Lipidomics
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analysis has demonstrated that the activation of ACSL4
plays a role in catalyzing the biosynthesis of lipids contain-
ing polyunsaturated fatty acid; this activation further leads to
the accumulation of lipid peroxidation products, ultimately
contributing to the induction of ferroptosis (Zhang et al.,
2022a). Hence, inducing programmed cell death by iron-
dependent lipid peroxidation and help in suppressing the
tumor growth and avoiding chemoresistance. Three separate
studies have detected higher levels of PC(32:1) in the serum
of women with breast cancer when compared to women
without the condition (Rosini Silva et al., 2020) (Fig. 4).
A study revealed that the study of Triple-negative Breast
Cancer metabolomics is of clinical importance and suggest
new therapeutics targets and helps fighting recurrence of
cancer (Xiao et al., 2022). The research unveiled the pres-
ence of five distinct lipid categories in TNBC samples: fatty
acyls (FA), glycerolipids (GL), glycerophospholipids (GP),
sphingolipids (SP), and sterol lipids (ST), however spe-
cific lipid markers weren’t explicitly detailed in the study.
Another study was conducted with 166 plasma samples and
a panel with 19 lipids proved to be effective in distinguishing
early-stage triple-negative breast cancer (TNBC) cases from
control subjects (Eghlimi et al., 2020). In this study, DG
34:2 and Cer 38:1 (2) sustained significance across various
subtype comparisons in distinguishing TNBC from controls,
while LPC O-18:1 and PC 34:1 lost their significance in
differentiating other BC subtypes from controls. The final
diagnostic panel of 19 lipids remained significant in dis-
cerning TNBC from controls and other BC or non-TNBC
subtypes, contributing to an effective OPLS-DA model that
accurately differentiated TNBC and identified early-stage
TNBC among control subjects. Utilizing TMA MALDI-
IMS, a study uncovered the existence of tumor-related poly-
lactosamine glycans in both primary and metastatic breast
cancer tissues, offering fresh perspectives on the evolution
and advancement of breast cancer that can be potentially
targeted for therapy (Scott et al., 2019). In a study of 330
TNBC samples using MS/MS, 594 polar metabolites and
1944 lipids were analyzed. Using statistical tests, 452 metab-
olites (417 higher, 35 lower in tumors) showed significant
differences. Notably, metabolites related to oxidation and
glycosyl transfer (e.g., oxidized glutathione [GSSG], uri-
dine diphosphate glucose [UDP] were enriched in tumors.
Additionally, phosphatidylinositols, fatty acids (FAs), and
ceramides were identified as enriched lipids in TNBCs (Xiao
et al., 2022). Overall, we can see that lipidomics serves as a
tool to improve the diagnostics and help in venturing more
into discovery of new therapeutic targets in breast cancer.

4.3.4 Hepatocellular cancer

In the past few decades Hepatocellular cancer has become
one of the major reasons for death due to malignancy (Rawla
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et al., 2018). A study suggests that lipogenesis mechanism
regulated by USP22, involving the PPARYy-ACLY/ACC
axis, in the development of hepatocellular carcinoma.
A total of 47 metabolites have been identified as being
changed in hepatocellular carcinoma tissue. These metab-
olites include several types, including fatty acids (FAs),
phosphatidylcholine (PC), lysophosphatidylcholine (LPC),
phosphatidylethanolamine (PE), lysophosphatidylethanola-
mine (LPE), and sphingomyelin (SM). An additional study
was conducted to enrich the pathway utilizing 47 differen-
tial metabolites. The results indicated that the production
of PC, cardiolipin, phospholipids, PE, and triacylglycerol
exhibited enrichment in cancerous tissue. (Ning et al.,
2022). A study in Intrahepatic cholangiocarcinoma sug-
gested through UHPLC-Q-TOF-MS/MS that 14 potential
biomarkers on AKT/YapS127A co-expression-induced ICC
mouse model, where it was established that disturbance in
regulation of amino acid metabolism and lipid metabolism
have effect on hepatocellular cancer. Isobutyryl-L-carnitine,
LPC 20:3(8Z,11Z,14Z), and LPE 20:1(11Z) exhibited an
upward trajectory throughout the initial and advanced phases
of ICC, whereas LPC 22:5(7Z,10Z,13Z7,16Z,19Z) demon-
strated a declining pattern. However, throughout the pro-
cess of ICC formation, there was a decrease observed in
the relative content of two potential metabolisms, namely
betaine and LPE 1 8:2(9Z,127Z). In contrast, an increase
in the relative content of two other possible metabolisms,
namely LPC 18:1(9Z) and LPC 20:1(11Z), was found. (Chen
et al., 2022) (Fig. 4). The result from these studies under-
scores the complexity and importance of understanding the
role of mTORC?2 and its relationship with lipid metabolism
to develop potential therapeutic strategies for treating hepa-
tocellular cancer. In a Europe based Cohort, analysis of
pre-diagnostic serum samples from Hepatocellular cancer
cases and matched controls uncovered a distinct metabolic
pattern linked to disease risk. This pattern involved changes
in fatty acid oxidation, amino acid, lipid, and carbohydrate
metabolism. Sixteen metabolites, including tyrosine, pheny-
lalanine, glutamate, citrate, glucose, and propylene glycol,
correlated with higher Hepatocellular cancer risk, while
leucine, isoleucine, choline, N-acetyl glycoproteins, unsatu-
rated lipids, and VLDL showed an inverse association with
Hepatocellular cancer. The identified metabolic signature
effectively differentiated between Hepatocellular cancer
cases and controls, varying based on the time from blood
collection to diagnosis, hepatitis infection status, and liver
function. This distinct metabolic profile has the potential
to enhance HCC diagnosis, surpassing the utility of tradi-
tional biomarkers like AFP and liver enzyme levels (Fages
et al., 2015). Similarly in a study with 521 Hepatocellular
cancer patients found relationships between different lipid
components (total cholesterol, high-density lipoprotein cho-
lesterol, low-density lipoprotein cholesterol, triglycerides)
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and important characteristics of hepatocellular carcinoma
(HCC) such as tumor size, portal vein thrombosis, tumor
multiplicity, and alpha-fetoprotein levels. High-density lipo-
protein cholesterol (HDL) was notably linked to the Tumor
Aggressiveness Index (TAI) in a multiple linear regression
model, suggesting a connection between HDL levels and
HCC aggressiveness. Elevated HDL levels were associated
with a higher risk of death compared to lower levels and
showed significant connections with the TAI and portal vein
thrombosis. Conversely, lower HDL cholesterol levels were
tied to better survival rates among HCC patients. Notably,
the study observed no significant differences in HDL levels
among HCC patients with varying underlying causes (Carr
et al., 2018). The culmination of studies in hepatocellular
carcinoma sheds light on the intricate relationship between
lipid metabolism, metabolic signatures, and cancer aggres-
siveness, underlining the potential for novel therapeutic tar-
gets and improved diagnostic strategies, shaping the land-
scape of hepatocellular cancer treatment and prognosis.

4.3.5 Gastric cancer

Gastric cancer patients exhibit reduced levels of high-density
lipoprotein cholesterol (HDL-C), elevated levels of low-den-
sity lipoprotein cholesterol (LDL-C), and decreased levels
of apolipoprotein A-I (apoA-I) elucidating the role of lipid
profiles in development of cancer (Pih et al., 2020) (Fig. 4).
A study showed in both in vitro and in vivo LINC00924 was
essential for Gastric Cancer (GC) cell growth and regulated
GC cell lipid metabolic reprogramming along with its abil-
ity to regulate the p38 MAPK/PPARa signaling pathway to
stop peritoneal metastasis which is a major cause of lethality
(He et al., 2022). Through lipidome pseudo-targeted metab-
olomics analysis it was found that levels of sphingolipid
metabolism between GC tumor tissue have notable varia-
tions, sphingolipid molecules such as sphingosine (d16:1)
and the cluster of compounds referred to as ceramides were
also validated as biomarkers for gastric cancer (Zeng et al.,
2022). These studies open the scope of extensive research on
elucidating how therapeutic responses gets affected by lipid
metabolism and need for further clinical studies to determine
the diagnostic values of such molecules or lipids for their
usefulness as targets for therapeutic interventions in Gastric
cancer. Through lipid profiling and isotope tracing analyses
showed that intestinal-type gastric cancers (GCs) exhibit an
inability to produce arachidonic acid (AA) and adrenic acid
(AdA) from linoleic acid and inhibition of GPX4 (a key
enzyme that protects cells from lipid peroxidation) can lead
to ferroptotic cell death suggesting biosynthesis pathway of
polyunsaturated fatty acids is important to determine the
sensitivity of gastric cancer (Lee et al., 2020). Another study
showed applying UPLC-MS/MS knockdown of SREBP-1c
downregulated SCD1 and FASN, as well as the upregulated

ELOVL6 which inhibited the proliferation, invasiveness, and
migration of gastric cancer cells (Sun et al., 2020). When
mass spectrometry imaging-based spatial metabolomics and
lipidomics with microarray-based spatial transcriptomics
were integrated to visualize intratumor metabolic heteroge-
neity and cell metabolic interactions in gastric cancer sam-
ples, tumor-associated alteration of metabolism is observed
at both the metabolic and transcriptional levels demonstrat-
ing the integration of metabolite, lipid, and gene expression
signatures have the potential to characterize complex tumor
metabolic remodeling and tumor-microenvironment meta-
bolic interactions (Sun et al., 2023). These studies provide
insights into cancer-associated metabolic dependencies and
lipid profile alterations that could be targeted for cancer ther-
apy and help in effective prognosis and diagnosis of gastric
cancer. (Lee et al., 2020). A two-step large cohort study (400
subjects) using targeted lipidomics profiling on plasma sam-
ples using ultra high-performance liquid chromatography-
mass spectrometry (LC-MS) highlighted crucial lipid mark-
ers: phosphatidylcholines, phosphatidylethanolamines, and
sphingomyelins. Among the 142 lipids linked to GC risk,
15 demonstrated consistency in validation, while 11 lipids
(FFA18:0, FFA18:3, FFA20:4, LysoPC18:3, LysoPC20:3,
Linoleic acid, Palmitic acid, and Phospholipids containing
PUFAs) indicated progression from precancerous lesions,
showcasing their potential significance in early detection
and understanding disease advancement (Liu et al., 2022).
The collective exploration of lipid profiles in gastric cancer
unveils intricate metabolic dependencies and alterations,
illuminating potential targets for therapeutic intervention
and paving the way for improved diagnostic and prognostic
approaches in gastric cancer.

4.3.6 Colorectal cancer

In colorectal cancer, several potential biomarkers were iden-
tified due to their noteworthy difference in concentrations
in cancer cells when compared with normal cells such as
glycerolipids, glycerophospholipids, and sphingolipids;
sphingomyelin and triacylglycerol these observations can
lead to novel therapeutic strategies by improving the under-
standing of the cancer-associated glycerolipid and sphin-
golipid metabolism (Ecker et al., 2021). Upon evaluation of
cancer subsites, it was found that concentration of triglyc-
eride levels was found to be linked to an elevated risk of
cancer in the caecum and transverse colon, and higher lev-
els of apolipoprotein A were associated with a reduced risk
of cancer specifically in the hepatic flexure however these
findings need confirmation through further studies (Fang
et al., 2020). A study found that elevated levels of PC(C-
36:3) plasmalogen were correlated with a reduced risk of
conventional adenomas, subsequently an increased risk of
serrated polyps was found to be associated with triglyceride
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(TAG) levels, and Phenylacetylglutamine (PAG) levels were
linked to a decreased the risk of advent of advance adeno-
mas (Hang et al., 2022). By applying LC—MS molecules
that can help in diagnosis of colorectal cancer were identi-
fied in two categories the primary set is for non-metastatic
colorectal cancer (PC(34:1), PE(36:2), SM(d18:1/16:0),
HexCer(d18:1/24:0), and HexCer(d18:1/24:1) and the
second set is for metastatic colorectal (PE 34:2, PE 36:2,
pPE 16:0/20:4, and Cer d18:1/24:1) which were identified
through their alteration in their profiles. Exosomes derived
from primary cancer patients and nonmetastatic cells,
when compared to exosomes from healthy donors and con-
trol cells, exhibited a significant increase in the levels of
PC(34:1), PE(36:2), SM(d18: 1/16:0), HexCer(d18: 1/24:0),
and HexCer(d18:1/24: 1). It is noteworthy that the afore-
mentioned lipid species exhibited a reduction in both the
metastatic cell line and the patients under investigation.
Additionally, the levels of PE(34:2), PE(36: 2), and phos-
phorylated PE(p16: 0/20: 4) exhibited a considerable drop in
metastatic circumstances as compared to their nonmetastatic
counterparts. The only molecular species that exhibited a
significant increase in metastatic circumstances, as seen in
both patients and cells, in comparison to control groups,
was Cer (d18: 1/24: 1) (Elmallah et al., 2022) (Fig. 4). An
additional noteworthy application of recent technologi-
cal advancements involves the analysis of Formalin-fixed
paraffin-embedded tissue samples obtained from the human
thymus and tonsil. In this study, MALDI-MSI was employed
to generate a carefully curated mass list from a collection
of individual positive T lymphocytes. The putative identi-
ties of these lymphocytes were then annotated using a lipi-
domic approach based on LC-MS. Subsets of T cells were
then differentiated according to their level of maturation and
differentiation inside human thymus and tonsil tissue. Sub-
sequently, when implemented on a CRC TMA comprising
varying levels of T lymphocyte infiltration, cases exhibit-
ing a substantial TIL composition were discernible from
those with a lesser TIL composition, particularly within
the tumor microenvironment. Notably, three lipid signals
(P1(20:4/18:1), PS(44:1), and PI(O-40:3)) were identified
as having the most significant influence on this differen-
tiation (p < 0.05) (Denti et al., 2021). Using imaging mass
spectrometry study identified elevated PC(16:0/16:1) lev-
els in advanced colorectal cancer, the findings suggested
LPCAT4’s role in dysregulating PC(16:0/16:1) in CRC, sup-
ported by its overexpression in CRC tissues. This indicates
potential clinical use of PC(16:0/16:1) as a CRC biomarker,
implicating LPCAT4 in its heightened expression within the
disease (Kurabe et al., 2013). A large Europe based cohort
study revealed several associations between specific fatty
acids and colorectal cancer risk. Elevated concentrations of
stearic acid in red blood cells were linked to a higher risk
of colorectal cancer, while eicosapentaenoic acid (EPA)
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showcased an inverse relationship, indicating a potential
protective effect from fish consumption. Arachidonic acid
(AA) displayed a positive association with colorectal cancer
risk, especially in higher quintiles, and docosatetraenoic acid
(C22:4n6) was significantly linked to colorectal cancer inci-
dence. Other saturated fatty acids or cis monounsaturated
fatty acids did not show significant associations. Moreover,
the content of EPA, DHA, and the sum of n-3 PUFA in
RBC membrane lipids demonstrated an inverse correlation
with colorectal cancer risk. Importantly, these associations
remained consistent across various tumor sites, including
the colon, proximal colon, distal colon, and rectal cancer
(Linseisen et al., 2021). The intricate profiling of lipidomic
alterations in colorectal cancer not only provides insights
into potential biomarkers but also unravels novel therapeutic
strategies, underscoring the significance of lipid metabo-
lism in the disease’s progression and proposing promising
avenues for targeted interventions in colorectal cancer.

4.3.7 Leukemia

In acute lymphoblastic leukemia elevated TG, reduced HDL-
C, and reduced ApoAl concentrations were found (Leahy
etal., 2017). A study applying quantitative shotgun lipidom-
ics in acute myeloid leukemia illustrated that treatment with
S63845 increases ceramide (Cer) levels in the MV4-11 and
KGT1 cell lines at the expense of downstream sphingolip-
ids, while increasing hexosylceramide (HexCer) levels in
the HL60 cell line at the expense of Cer and sphingomyelin
(SM) (Yandim & Bilgin, 2022). Fatty acid desaturases 1
and 2 (FADS1 and FADS2) were found to be upregulated in
relapsed acute myeloid leukemia cells, leading to increased
fatty acid desaturation, Fatty acid desaturation was impli-
cated in cancer stem cell (CSC) pathogenesis and therapeutic
resistance, suggesting its potential as a therapeutic target
(Culp-Hill et al., 2023). A study identified a specific meta-
bolic vulnerability in mIDH]1 acute myeloid leukemia and
solid tumors, suggesting the potential of targeting alternative
metabolic pathways like ACC1 alongside mutation-specific
2HG inhibitors, and elucidated the need for further research
in preleukemic stem cells and clonal hematopoiesis (Thomas
et al., 2023). A cohort study identified 14 ferroptosis-related
genes (FRGs) associated with prognostic significance in
chronic lymphocytic leukemia (CLL). These genes exhib-
ited higher expression in cluster 1, linked with better over-
all survival (OS). Utilizing LASSO analysis, an eight-gene
signature (TP63, STEAP3, NQO1, ELAVL1, PRKAAL,
HELLS, FANCD2, and CDKN2A) effectively stratified
CLL patients into high- and low-risk groups. This signature
proved reliable through Cox regression and ROC analysis.
The risk score of this gene signature correlated significantly
with immune scores and proportions of specific immune cell
types, such as resting monocytes and NK cells. Moreover,
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validation in an external cohort (GSE22762) confirmed the
robustness of the risk model. The study also encompassed
enrichment analysis and genomic mutation analysis (Gong
et al., 2022). These studies alterations in lipid profiles and
metabolic pathways in various types of leukemia, which may
have implications for understanding disease mechanisms and
potential therapeutic targets.

4.3.8 Renal cell carcinoma

The lipidomic analysis of clear cell renal cell carcinoma
(ccRCC) tissue versus normal renal cortex samples using
LC-TOFMS and LC-MSMS highlighted significant lipid
profile variations. Over 70% of detected lipids exhibited dis-
tinct differences, indicating higher levels of specific lipids
like ether-type phospholipids, cholesterol esters, and tria-
cylglycerols in the cancerous tissue. Increased lipid classes
in ccRCC included phosphatidylcholines (PCs), ether-type
phosphatidylcholines (ePCs), ether-type phosphatidyletha-
nolamines (ePEs), ceramides (Cers), sulfatides (Suls), cho-
lesterol esters (ChE), and triacylglycerols (TGs). Conversely,
ccRCC tissue showed reduced levels of other lipid types
like phosphatidylethanolamines (PEs), phosphatidylinositols
(PIs), cardiolipins (CLs), sphingomyelins (SMs), diacylglyc-
erols (DGs), polyunsaturated fatty acids (PUFAs), lipoxy-
genase (LOX) metabolites, and cytochrome P450 (P450)
metabolites. These lipidomic shifts in ccRCC offer crucial
insights into the altered metabolism within renal cancerous
tissue, enhancing our understanding of ccRCC pathophysi-
ology (Saito et al., 2016). Distinct alterations in sulfatide
and sphingomyelin concentrations were observed in plasma
and urine samples from renal cell carcinoma (RCC) patients
compared to healthy controls, reflecting changes in the lipid
profiles across body fluids and tissues in RCC. These shifts
correlated with tumor stage and grade progression. Dys-
regulated lipid patterns in plasma and urine allowed for the
creation of classifiers aiding in early-stage RCC detection.
In tumor tissues, there was a decline observed in hydroxy-
lated sulfatides and specific sphingomyelins (SM 41:1;02),
whereas SHex2Cer species (including SHexCer 42:2;02,
SHexCer 42:3;02) showcased elevated levels. Notably,
plasma analysis revealed a reduction in certain sphingomy-
elins (SM 41:1;02, SM 40:1;02, SM 39:1;02, SM 38:1;02,
SM 33:1;02, SM 32:1;02) and sulfatides (such as SHexCer
40:1;03, SHexCer 41:1;03, SHexCer 42:1;03, SHexCer
40:1;02) among individuals with cancer. However, sulfa-
tides containing multiple double bonds (SHexCer 42:3;02,
SHexCer 42:3;03, SHexCer 42:2;02) displayed an increase
in cancer patients. Additionally, sterol sulfates were upregu-
lated in RCC patients but downregulated in control subjects
(Jirasko et al., 2022). A cohort study of 912 patients iden-
tified 14 ferroptosis-related genes (FRGs) associated with
prognostic significance in chronic lymphocytic leukemia

(CLL). These genes exhibited higher expression in cluster
1, linked with better overall survival (OS). Utilizing LASSO
analysis, an eight-gene signature (TP63, STEAP3, NQOI,
ELAVLI1, PRKAA1, HELLS, FANCD2, and CDKN2A)
effectively stratified CLL patients into high- and low-risk
groups. This signature proved reliable through Cox regres-
sion and ROC analysis. The risk score of this gene signature
correlated significantly with immune scores and proportions
of specific immune cell types, such as resting monocytes
and NK cells. Moreover, validation in an external cohort
(GSE22762) confirmed the robustness of the risk model. The
study also encompassed enrichment analysis and genomic
mutation analysis (Guo et al., 2016). The comprehensive
lipidomic insights into renal cell carcinoma underscore the
intricate lipid alterations within cancerous tissues and body
fluids, emphasizing the need for ongoing large-scale cohort
studies to refine early detection methods, elucidate patho-
physiological mechanisms, and develop targeted interven-
tions for improved clinical outcomes in kidney cancer.

4.3.9 Therapies developed based on lipidomics

A pan-cancer in-silico study suggested that changes in
major lipid metabolic processes lead to tumorigenesis and
highlighted the correlation between lipid metabolism and
immune response (Hao et al., 2019). This study opened the
path for further investigation in molecular based studies
to understand lipid regulation in cancer. In triple negative
breast cancer (TNBC), one of the fatty acid transporting
proteins FABP5 were found to be overexpressed which can
be related to tumor formation and poor prognosis, FABP/
EET/CYP-associated metastatic signaling network could
be a novel approach to combat metastatic TNBC (Apaya
et al., 2020). Similarly in pancreatic cancer, it was hypoth-
esized that increase in activity of PPARp/S increases tumor
progression (Levi et al., 2015) and FABP5 was found to be
upregulated that caused the tumor to progress and proliferate
(Corn et al., 2020). Another pan-cancer study oncogenic role
of FABPS5 overexpression with poor prognosis in multiple
tumor types, relation of FABPS5 with immune checkpoints
(CD274, CTLA4, HAVCR2, LAG3, PDCD1, and TIGIT)
shows the relevance of fatty acid associated pathway to
immunotherapy (Wang et al., 2023a). ATP citrate lyase
(ACLY), a significant enzyme which serves an important
role in lipid biogenesis and acts as a catalyst in conversion of
citrate into oxaloacetate and Acetyl-CoA. Downregulation of
concentrations or decreasing activity of ACLY lead to reduc-
tion in growth rate of glioblastoma, colorectal cancer, breast
cancer, non-small cell lung cancer and hepatocellular carci-
noma (Khwairakpam et al., 2015). Inhibition of acetyl-CoA
carboxylases (ACC) through chemical inhibitors stops syn-
thesis of fatty acids and reduces phospholipid concentration
in cancer cells which leads to death of cancer cells (Mallick
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et al., 2023) These studies pave the way for therapies that
involve lipogenesis or associated pathways in cells for treat-
ment of cancers, however they need to be verified through
clinical studies performed in large number of cohorts.
Despite the continuous advancement in our comprehen-
sion of cancer metabolism, it is disheartening to note that
clinical trials pertaining to cancer metabolism therapy have
yielded predominantly unfavorable outcomes, save for the
notable exception of isocitrate dehydrogenase 1-inhibitors.
Considerable focus has been directed towards the lipid
metabolism, presumably due to its role in furnishing fun-
damental constituents crucial for sustaining tumor growth,
as well as potentially serving as an alternative means of
generating adenosine triphosphate (ATP). Fatty acid syn-
thase (FASN) assumes a pivotal role in the proliferation and
viability of tumors exhibiting lipogenic characteristics, in
addition to its function as a central controller of lipid metab-
olism. FASN stands out as a prominently pursued lipogenic
enzyme in the context of breast cancer, owing to its persis-
tent overexpression. The preclinical studies have shown that
inhibiting FASN, whether through genetic methods or phar-
macological interventions, effectively reduces cellular pro-
liferation in controlled laboratory settings and hinders tumor
growth in living organisms with different types of breast can-
cer. Additionally, it is important to highlight the existence of
reputable scholarly reviews that extensively cover this topic
(Fhu & Ali, 2020). As of now, TVB-2640 stands as the sole
FASN inhibitor that has progressed to a phase II clinical trial
for breast cancer. The trial NCT03179904 is currently evalu-
ating the effectiveness of TVB-2640 in combination with
paclitaxel and Trastuzumab among breast cancer patients
with metastatic HER2 + disease (ClinicalTrials.gov, 2023).
Statin drugs hold promise as a therapeutic target, particularly
for advanced HER2 + and TNBC cases that show increased
reliance on cholesterol. Additionally, diabetic drugs are
being explored for their potential in breast cancer treatment.
Metformin, the widely used diabetes medication, influences
hepatic glucose production and insulin sensitivity by inhib-
iting mitochondrial complex 1 and activating the AMPK
pathway showing its possible role in cancer. Currently, there
are 18 clinical trials involving Metformin for breast cancer,
with some investigating its effectiveness as a neoadjuvant
treatment (ClinicalTrials.gov, 2020, 2021, 2022). Metformin
reduced viability, migration, and stemness in MDA-MB-231
metastatic cells, suppressed anti-apoptotic genes (BCL2,
Bcl-xL), mesenchymal genes (vimentin, N-cadherin, Zebl,
Zeb2), and enhanced apoptotic (caspase 3, Bax) and epi-
thelial genes (E-cadherin, keratin 19), indicating its inhibi-
tory effects on tumorigenesis (Homayoonfal et al., 2023;
Kabakov et al., 2020; Sharma et al., 2019). Therefore, the
development therapeutics based on lipids which helps in the
inhibition of cancer growth and invasion is the need of the
hour. The studies so far have shown the alteration in lipid

@ Springer

concentration during various cancer types, however further
clinical trials conducted in large cohorts can establish the
potential biomarkers which can help in prognosis and diag-
nosis of cancer along with pave the way for identification of
new targets for therapeutics.

5 Conclusion

Recent development of analytical techniques has boosted
the versatility of lipidomic studies. High-throughput assays
have enabled accurate quantification of lipids in altered
physiological conditions such as diseases. In this review,
we have elucidated the significance of lipidomics in dis-
ease prognosis, including Parkinson’s disease, Alzheimer's
disease, cardiovascular diseases and various cancers. The
use of several methodologies like MRI, NMR coupled with
LC, and the more recent TMA MALDI IMS expands the
scope of lipidomics in a broader range of fields. However,
plenty of well-designed cohort studies of pristine quality
are required in order to add new and meaningful direction to
this field of research. (Yoon et al., 2022) Cancer studies, on
the other hand, demand significant betterment of techniques
such as optical spectroscopy, biophysical characterization,
and immuno-based assays, as a potent quantification tech-
nique of lipidic signatures (Stromberg et al., 2020). Cancer
cells exhibit significant modifications in lipid homeostasis,
encompassing various processes such as remodeling, repro-
gramming, metabolism, and signaling. Therefore, it is poten-
tial to undertake more advanced and enduring cohort stud-
ies, which may facilitate the administration of preventative
medications to individuals exhibiting early indications of
neurodegenerative disorders, therefore enhancing their qual-
ity of life. The utilization of a high throughput lipidomics
approach presents novel opportunities for the investigation
of diagnostic and treatment approaches (Pan et al., 2021).
Using high throughput lipidomic assays, we can significantly
improve the quality of prognosis by efficiently analyzing
the lipid biomarkers associated with ASCVD (Nurmohamed
et al., 2023). The involvement of Artificial intelligence (AI)
based lipidomics and machine learning (ML) approaches
can aid in holistic analysis of the large number of data pro-
duced by the state-of-art approaches in MS. For instance,
in the case of brain studies, the utilization of the techniques
will allow the amalgamation of lipidomics with other omics
thereby sealing the gap between the molecular networks and
their respective physical manifestations (Yoon et al., 2022).

Therefore, in conclusion, the role of lipidomics in disease
studies is indispensable and it has become increasingly clear
that technological advancement benefits the disease prog-
nosis, diagnosis and aids in the development of biomarkers
and therapeutics in seemingly fatal non communicable and
neurodegenerative diseases.
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