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Lipids are essential for cellular functioning considering their role in membrane composition, signaling, and
energy metabolism. The brain is the second most abundant organ in terms of lipid concentration and diversity
only after adipose tissue. However, in the central system (CNS) lipid dysregulation has been linked to the eti
ology, progression, and severity of neurodegenerative diseases such as Alzheimeŕs, Parkinson, and Multiple
Sclerosis. Advances in the human genome and subsequent sequencing technologies allowed us the study of
lipidomics as a promising approach to diagnosis and treatment of neurodegeneration. Lipidomics advances
rapidly increased the amount and quality of data allowing the integration with other omic types as well as
implementing novel bioinformatic and quantitative tools such as machine learning (ML). Integration of lip
idomics data with ML, as a powerful quantitative predictive approach, led to improvements in diagnostic
biomarker prediction, clinical data integration, network, and systems approaches for neural behavior, novel
etiology markers for inflammation, and neurodegeneration progression and even Mass Spectrometry image
analysis. In this sense, by exploiting lipidomics data with ML is possible to improve the identification of new
biomarkers or unveil new molecular mechanisms associated with lipid impairment across neurodegeneration. In
this review, we present the lipidomic neurobiology state-of-the-art highlighting its potential applications to study
neurodegenerative conditions. Also, we present theoretical background, applications, and advances in the
integration of lipidomics with ML. This review opens the door to new approaches in this rising field.

1. Introduction
Lipids are a structural and functionally diverse group of bio
molecules generally characterized by an alkyl chain ending with a
carboxyl group and divided into fatty acyls, glycerolipids, phosphogly
cerolipids, sphingolipids, sterol lipids, prenol lipids, saccharolipids and
polyketides (Fahy et al., 2009). Recently, the interest for lipids has
grown considering its wide applications, from novel lipid-mediated drug
delivery systems (Allen and Cullis, 2013) to biomarkers for neurode
generative diseases (Wong et al., 2017; Lötsch et al., 2018) as well as
being a central and active target for brain research (Gao et al., 2018;
Yasuyuki Kihara et al., 2009). At first glance, lipids were considered only
as structural cellular components with no further functionality.
Recently, the role of lipids extends from membrane structure and energy
storage to intercellular signaling, growth regulation, cellular differen
tiation, and commitment, and cellular homeostasis maintenance (Stern

et al., 2016; Tsui-Pierchala et al., 2002). In humans, lipid diversity and
concentration are extensive across the body but both adipocyte and
brain highlight as the most lipid abundant organs (Tian et al., 2018).
In the central nervous system glycerophospholipids, sphingolipids,
and sterol lipids are the most representative lipid subtypes (Shamim
et al., 2018). Specifically, in the brain, lipids take part in a wide variety
of vital tasks such as neuron myelinating and signal transduction via
lipid mediators as first or second messengers (Farooqui, 2009; Fernandis
and Wenk, 2007). A disruption in a dynamic equilibrium of these bio
molecules has been associated with structural damage, inflammatory
processes, apoptotic signaling and increased oxidative stress resulting in
neural impairment leading to neurodegeneration (Farooqui, 2009; Far
ooqui et al., 2010; Halmer et al., 2014; Shamim et al., 2018; Yadav and
Tiwari, 2014). In particular, lipid dysregulation has been largely asso
ciated with Alzheimer’s Disease, Parkinson and Multiple Sclerosis
(Plotegher et al., 2019; Reitz, 2013; Ruipérez et al., 2010; Yadav and
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Tiwari, 2014). In contrast, several studies have shown the neuro
protective role of astrocytic lipid droplets in response to lipotoxicity on
neuronal cells (Carter et al., 2019; Ioannou et al., 2019). Research ad
vances suggest the potential use of lipids as potential diagnostic bio
markers and drug targets in neurodegeneration (Lötsch et al., 2018).
Lipids in the context of neurodegeneration have gained attention due to
the role in etiology, progression and, diagnosis of neurodegenerative
diseases (Maiti et al., 2017; Ojo et al., 2019; Wong et al., 2017). With the
advent of the human genome decipherment and the following devel
opment of various sequencing technologies, it is possible to exploit the
potential of lipids in health research. Sequencing methods have been
accompanied by advances in analytical chemistry, improving our ca
pacity to identify and annotate lipids across pathophysiological condi
tions (Gross, 2017). Such sequencing, experimental and computational
advances carved the path for metabolomics and hence lipidomics. Lip
idomics is the identification and quantification of lipids across cell types,
organs, or full organisms (Yang and Han, 2016). Lipidomic data analysis
allowed us to better understand the neural function, neural diseases, and
propose novel treatment approaches underlying metabolic mechanisms
and responses (Shamim et al., 2018). In this sense, lipidomics is a
promising technique unveiling the metabolic responses and mechanisms
associated with lipids and neurodegeneration (Kihara et al., 2009; Yang
and Han, 2016). Nevertheless, with the appearance of lipidomics, as
with many other omics, new challenges emerged. Classical computa
tional methods have been insufficient to overcome the data complexity
and unable to take advantage of the amount of data available. In
response, during the past decades, new methods in data analysis have
emerged as a suitable approach to analyze and predict complex systems
and big datasets. A promising field to tackle this problem is machine
learning (ML), used for categorization, clustering, and prediction based
on patterns in the datasets. Originally developed in engineering and
economic areas, these novel methods are now been widely included in
health research such as pharmacology, medicine, and biology. Some of
the most relevant ML application is the identification of complex Bio
markers for Multiple Sclerosis with an accuracy rate of 95% (Lötsch
et al., 2018), successfully aided in the analysis and decomposing of
complex Mass Spectrometry Image data (MSI) (Zampieri et al., 2019),
integration of multiple sets of omics data with clinical test and couple
lipidomics data into Genome-scale metabolic models for validation and
enrichment (Acharjee et al., 2016). In general, ML is divided into su
pervised learning and unsupervised learning with some of the most
popular methods including random forest, K-nearest neighbors, densitybased clustering, and convolutional neural networks. ML methods have
been increasing in popularity considering predictive efficiency and
computational cost as well as the wide application in neuro
degeneration. Throughout this review, we present the potential appli
cations of lipidomics in neurodegeneration research with a special focus
on ML as a powerful approach for lipidomics data analysis. We present
ML theory and the practical applications in neurodegenerative etiology,
diagnosis, and therapy. Finally, our goal is to illustrate the importance of
lipidomics in neurodegeneration and perspectives for further research.

2.1. Structural functions
Membranes represent one of the most key organelles of any cell and
can even be considered as the main structure of the cell, acting as the
main barrier and regulator of the cellular transport processes. In brain
cells, membranes are more specialized and have an additional value,
given the nature of neurons. The major component of cell membranes
structure are glycerophospholipids, having phosphatidylcholine as the
principal component, with over 50% of the phospholipids of the mem
branes. Nonetheless, phosphatidylethanolamine, phosphatidylserine,
phosphatidylinositol and phosphatidic acid (PA) also have important
structural roles (van Meer et al., 2008). Polyunsaturated fatty acids
(PUFAs) are crucial in brain cell membranes because they enable
membrane fluidity and permeability (Ruipérez et al., 2010). Sterols are
another highly relevant group of structural lipids and cholesterol is one
of special interest; it has various functions, several of which are struc
tural, like cohesion and packing of close-membrane lipids (Browne et al.,
2019; van Meer et al., 2008). Cholesterol also changes main biophysical
properties of the membranes such as decreasing fluidity and reducing
the permeability of polar molecules, being the main component of
myelin, they are vital for myelination process (Ishibashi et al., 2005)
among others, many of which are altered in several neurodegenerative
conditions, as will be addressed later on. Another structural group is
Sphingolipids, sphingomyelin (SM) and glycosphingolipids are the most
common ones in mammal cells. They have a hydrophobic backbone
which is a ceramide (Cer) (van Meer et al., 2008), that will also be very
relevant in neurodegeneration contexts. Sphingolipids, together with
cholesterol can form liquid-ordered domains (Guan et al., 2009), now
known as lipid rafts; functional domains enriched in cholesterol and
sphingolipids (Róg and Vattulainen, 2014).
2.2. Energy storage
Evolution has determined that the best way to ensure long-term
energy storage is through lipids. Triacylglycerol and steryl esters in
lipid droplets are the principle cell reservoirs. Given their reduced state
and anhydrous condition, as well as their large amounts of energy
released when oxidized, more than twice compared to carbohydrates or
proteins (Berg et al., 2002), these make them a very efficient way to
stock energy; in addition, lipid droplets have been largely investigated
lately, given their diverse functions as energy reservoirs but also per
forming more complex functions and its involvement in neuro
degeneration (Olzmann and Carvalho, 2019) as discussed further on.
2.3. Signaling molecules
Some of the latest lipid functions discovered are related to their
active participation in signal transduction as first and second messengers
as well as in molecular recognition processes (van Meer et al., 2008;
Fernandis and Wenk, 2007). The main lipid classes involved in these
signaling processes are Glycerophospholipids (GP), Sphingolipids (SP),
and Sterols (ST), with Cholesterol as the main representative. Among the
glycerolipids derived molecules are phosphatidylinositol with phos
phoinositides (GPIns), its phosphorylated derivatives. These GPIns are a
unique group among Glycerophospholipids (Fernandis and Wenk,
2007). Diacylglycerol (DAG), Arachidonic Acid (AA), that is the pre
cursor of eicosanoids, leukotrienes, are main drivers of proinflammatory
responses and vascular permeability; Lysophosphatidic Acid (LPA), Ei
cosanoids, endocannabinoids (ECs), and Docosanoids such as (DHA)
which comprises 97% of the braińs omega-3 long-chain PUFA, conform
the most relevant mediators of GP. These molecules are vital for pro
liferation and differentiation of brain tissue, chromatin organization,
modulate transcription factors, signal transduction, also prevent
apoptosis and modulate the immune response (Frisardi et al., 2011).
PUFAs are not only a precursor of AA and DHA but also of several end
metabolites with anti-inflammatory, antioxidant, anti-apoptotic, and

2. Lipids in the brain: Structure and function
Lipids are one of the largest and more diverse categories of molecules
in the human body. Investigators estimate that more than 100.000 lipid
species exist in the entire human lipid metabolism. This great diversity
grants a wide range of functions, which can be broadly divided into
three categories: structural, energy storage, and signaling functions as
stated below (van Meer et al., 2008; Róg and Vattulainen, 2014).
Importantly, the brain represents the second organ with more lipids in
the human body, after the adipose tissue, placing them as major con
stituents of this vital organ dynamics. Lipids are classified into eight
main categories as stated above. However, Glycerophospholipids,
Sphingolipids, and Sterols represent the majority of the brain’s lipids
and will have a special focus.
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neurotrophic effects (Ojo et al., 2019). From the SP, Ceramide (Cer),
Ceramide 1 phosphate, and sphingophospholipids like sphingosine 1
phosphate (S1P) perform signaling processes related to the cell cycle
control, stress, inflammatory responses (Frisardi et al., 2011) and signal
transduction. S1P has also been associated with neuroprotective activ
ities (Ojo et al., 2019). These are also present in cellular growth pro
cesses like neural cell proliferation and differentiation and participate in
apoptotic cell death (Farooqui, 2009). Cholesterol represents the most
important one of the ST and the brain is the biggest source of cholesterol
in the body. Cholesterol is also the precursor for Steroids, which have
neuroprotective roles in the brain involving neurons, glial cells and
blood vessels. They include the regulation of phosphatases and kinases
and the regulation of the expression of molecules controlling inflam
mation and apoptosis (Garcia-Segura and Balthazart, 2009).
All three lipid groups are highly interactive among them and asso
ciate to perform this variety of tasks and functions to help maintain
cellular and brain homeostasis. Cholesterol and sphingolipids together
form lipid microdomains (Farooqui et al., 2010), whereas these lipid
rafts are key signaling elements that transport a wide variety of mole
cules including receptors, channels, recognition molecules, coupling
factors, and enzymes involved in signal transduction, protein, and lipid
trafficking, secretory and endocytic pathways among others (Yadav and
Tiwari, 2014).

brains. This disproportion may cause an increase in lipid rafts viscosity
which may partially explain the aberrant signaling observed in AD
(Heras-Sandoval et al., 2016). In PD, lipid raft instability has been
proposed to be an early event in the development of PD. However, the
relevance of membrane microdomains in the regulation and trafficking
of the distinct α-syn configurations associated with PD remains unex
plored (Canerina-Amaro et al., 2019). Thus, dysregulation of their ac
tivity or structure can be detrimental to the brain. For instance, impaired
fatty acid sequestration can activate the unfolding protein response,
causing cell death (Olzmann and Carvalho, 2019).
Recently, gender has been highly associated to neurodegenerative
conditions, for example hormones have shown a big impact on lipid
dysregulation in the brain. Experimental evidence has indicated that
estrogen may modulate neuronal signaling through interactions with
specific estrogen receptors in neural membrane microdomains, such as
lipid rafts (Herrera et al., 2018). Moreover, estrogens have been re
ported to have a neuroprotective activity through the activation of
several pathways involved in the regulation of brain development,
neuronal survival, and synaptic plasticity. In the other hand, menopause
has been suggested as a possible factor for making women more prone to
AD, the hormone deprivation that occurs can alter mitochondrial func
tion and lipid profiles in the hippocampus (Herrera et al., 2019)
In this sense, hormonal changes and gender are highly relevant to
lipid impairment in neurodegeneration as will be discussed further on.
All the aforementioned can be encountered in neurodegeneration
and it’s usually associated with impairments in lipid species present in
the brain, although these lipid species can vary between specific con
ditions, there are some that are common for most neurodegenerative
contexts. Some examples of these lipids are shown in Table 1.

3. Lipid dysregulation in the neurodegenerative context
Since lipids are cellular key structural and functional elements, the
dysregulation of these molecules plays a key role in the neurodegener
ative process. In many neurodegenerative diseases neural membranes
GP, SP, and cholesterol suffer changes that result in increased concen
tration of derived molecules of the mentioned lipid classes (Farooqui,
2009). This overexpression of lipid mediators ends in structural damage,
neuroinflammation, disruption of key signaling processes, and oxidative
stress (Serhan et al., 2014; Stern et al., 2016). Oxidative stress is a
common hallmark for many neurodegenerative conditions, where lipids
play an important role in through lipid peroxidation. Several studies
have reported an increased number of peroxidized lipids in neuro
degeneration conditions like AD, PD, and MS. Oxidative stress can occur
by several mechanisms, for example, the overexpression of ceramides in
the brain results in the activation of mitochondria-dependent pathways,
such as inhibition of anti-apoptotic proteins and inhibition of oxidative
phosphorylation (Aufschnaiter et al., 2017). Thus, increasing oxygen
reactive species (ROS) as well as peroxidized lipids could alter proteins
and causes DNA mutations especially in the mitochondria, where en
ergetic and Ca2+ metabolism is thus highly disturbed (Aufschnaiter
et al., 2017).
Lipid peroxidation may generate acrolein formation that reacts with
DNA bases. Interestingly, high concentrations of acrolein have been
related to neurodegeneration (Shamim et al., 2018). Moreover, lipid
peroxidation products metabolize into major products like 4-Hydroxy
nonenal, which is very harmful to the cell because of its capability to
covalently change proteins, lipids, and nucleic acids (Yadav and Tiwari,
2014). In this sense, lipid droplets are key players in neurodegeneration,
having even been proposed as neuroprotective agents (Ioannou et al.,
2019) since they are responsible for buffering the levels of toxic lipid
species (Olzmann and Carvalho, 2019), such as peroxidized lipids and
fatty acids (Greenberg et al., 2011) which can be highly increased in
neurons under neurodegeneration conditions. In this scenario, toxic
lipid species are transferred to astrocytes via lipid droplets, to be
metabolized, given that astrocytes have more mitochondria and meta
bolic capacity (Ioannou et al., 2019). These lipid rafts can also protect
the endoplasmic reticulum (ER) from impairment in ER protein folding
capacity, Ca2+ homeostasis, and lipid composition (Olzmann and Car
valho, 2019). Lipid rafts have also shown to undergo major changes in
neurodegenerative diseases such as AD or PD. Lipid rafts from AD brains
display altered relationships between phospholipids and fatty acid in AD

3.1. Alzheimer’s disease
AD is characterized by the accumulation of β-amyloid (Aβ) protein
into senile plaques, this has been considered as the major hallmark of the
disease along with the intracellular deposition of misfolded tau protein
in neurofibrillary tangles, which results in memory loss and confusion as
well as in personality and cognitive decline over time (Chen et al.,
2017). There are two known forms of AD, early-onset AD that is the most
common and late-onset AD, although the core problem is the same, there
are some variations in etiology and risk factors associated with each one.
The apoE4 allele of the apoE gene represents the highest risk factor
for the late-onset AD, (The most common one). The Aβ deposition in the
form of senile plaques is more abundant in apoE4 carriers compared
with non-carriers (Liu et al., 2013). Apolipoprotein E is the principal
carrier protein of cholesterol in the brain, this directly links cholesterol
with AD etiology. The overproduction of Aβ protein, which is conformed
by two subunits promotes the formation of plaques in the brain. One of
the subunits of this protein (Ab40) inhibits HMG-CoA reductase, which
is involved in cholesterol and lipid synthesis. The other subunit (Ab42)
activates neutral sphingomyelinase and also contributes to increasing
ceramides in the brain, resulting in the acceleration of neuro
degeneration (Shamim et al., 2018). However, cholesterol role in AD has
been a subject of debate in the past decades. It is undeniable that
cholesterol has impact on the brain in neurodegeneration. There are
several genetic studies that support a possible involvement of choles
terol in the development of AD and other dementias (Reitz, 2013), it has
even been proposed that dyslipidemia could be one of the flexible risk
factors to be targeted for the largely available therapeutic interventions.
However, some of the studies on the effects of cholesterol in AD can be
contradictory (Reitz, 2013). For instance, some studies relate low total
cholesterol levels with increased AD risk (Kuusisto et al., 1997) and
some other the contrary, associating high total cholesterol levels asso
ciated with increased AD risk (Notkola et al., 1998). Nonetheless, in AD
cholesterol levels and homeostasis are largely altered and linked to some
major features of the disease like the Aβ aggregation. For example, all
proteins involved in Aβ precursor protein (AβPP) processing leading to
3
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Table 1
Altered Lipids in AD, PD and MS.
Alzheimer’s Disease

Parkinson Disease

Multiple Sclerosis

Lipid Mediators Species

Model

Description

Reference

Model

Description

Reference

Model

Description

Reference

Ceramide

Human: (CSF)

Elevated:

AD Group (n =
16)
Control (n =
14)

AD: 53.1 ±
13.1 nM/ml vs
Control: 30.2
± 15.0 nM/ml

(Satoi
et al.,
2005)

Human:
(Plasma)

All lipid species were
higher in PD patients
versus controls. all > P,
0.05. For Ceramides: e
C16:0,

(Mielke
et al.,
2013)

Human:
(CSF)

Increased levels
of ceramide
C16:0 and
C24:0 in the
cerebrospinal
fluid from
patients with
multiple
sclerosis.

(Vidaurre
et al., 2014)

PD
group (n
= 12)
Control
(n = 5)

C18:0, C20:0, C22:0,
and C24:1

(Guedes
et al.,
2017)

MS
group
(n = 13)
Control
(n = 10)

All values over
(P < 0.05)
Glycerophosphocholine

Human: (CSF)
AD group (n =
12)
Control (n =
18)

Arachidonic acid

Mouse:
(Hippocampal/
Cortical)
n = 12 per
genotype
Human:
Neocortical
beta-amyloid
Load (NAL)
n = 100 (35
low NAL, 65
high NAL)

Docohexahenoic acid

Mouse:
Low DHA (n =
6)
High DHA (n =
6)
Control (n = 8)

Elevated in
76% (P <
0.01)

(Walter
et al.,
2004)

——

————

————

——

————

————

Significant
Increase in
production of
AA and
derivates

(SanchezMejia
et al.,
2008)

Monkey:

Monkeys with PD
(levodopa-treated) had
increases in AA (+7%; P
< 0.05)

(Julien
et al.,
2006)

Human:

Increased levels
of AA with
respect to
control

(McNamara
et al., 2013)

Significantly
elevated in
high NAL
compared to
low NAL (p <
0.05)

Decreseas of
DHA have
been reported.
High levels of
DHA have
been proposed
as protective
in AD

(Goozee
et al.,
2017)

(Calon
et al.,
2004)

PD
group(n
= 5)
Control
(n = 4)

No difference in humans
in this study.
Interestingly, PD
patients who
experienced motor
complications to
levodopa had higher
arachidonic acid
concentrations in the
cortex compared to
Controls
(+13.6%; P < 0.05)

Humans:
PD
group(n
= 12)
Control
(n = 9)

Monkey:

Monkeys with PD
(levodopa-treated) had
decreases in DHA (-15%;

PD
group(n
= 5)
Control
(n = 4)

MS
group
(n = 15)
Control
(n = 15)

p < 0.0001
Values are
mean
composition
(g/100 g) ± S.D

(Julien
et al.,
2006)

P < 0.05)
No difference in humans
in this study

Human:
MS
group
(n = 15)
Control
(n = 15)

Humans:
PD
group(n
= 12)
Control
(n = 9)
Glucosylceramide

Cultured Cells:
Mouse:

GlcCer level
(197.5%, ±
9.65%, p =
0.034)
GlcCer levels
in mouse
brain: 256.3%,
± 9.6%, p ≤
0.001

(Grimm
et al.,
2014)

Control: 8.7 ±
0.68
MS: 10.2 ± 0.60

Increased levels
of AA with
respect to
control

(McNamara
et al., 2013)

Control: 10.4 ±
2.46
MS: 15.2 ± 1.11
Values are
mean
composition
(g/100 g) ± S.D

Human:
(Plasma)

all lipid species were
higher in PD patients
versus controls. all >
P,0.05. For
monohexosylceramide:
C16:0, C20:0 and C24:0

PD
group (n
= 12)
Control
(n = 5)

(Mielke
et al.,
2013)
(Guedes
et al.,
2017)

Human:
rrMS
group
(n = 50)
Control
(n = 25)

C24:1-GluCer
was increased
in patients
suffering from
RRMS
(relapsingremitting form
of MS), in
comparison
with healthy
subjects.

(Kurz et al.,
2018)

Significant
difference in
one dataset
with P < 0.05
and P < 0.01 in
another.
(continued on next page)
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Table 1 (continued )
Alzheimer’s Disease

Parkinson Disease

Multiple Sclerosis

Lipid Mediators Species

Model

Description

Reference

Model

Description

Reference

Model

Description

Reference

Sphingosine 1Phosphate

Human: Post
Mortem Brains

The S1P/
sphingosine
ratio was 66%
and 64%
lower lower in
Braak stage
III/IV
hippocampus
(p = 0.010)
and inferior
temporal
cortex (p =
0.014),
respectively,
compared to
controls.

(Couttas
et al.,
2014)

——

————

————

Human:
(Blood
and
CSF)

S1P
concentrations
in blood of the
MS subject
group

(
Kułakowska
et al., 2010)

MS
group
(n = 40)
Control
(n = 26)

(361.7 ± 150.7
nM) did not
differ from
those of the
control group
(371.9 ± 142.5
nM)

Increased
levels (50.4 ±
11.2%, p =
0.003)

(Kosicek
et al.,
2012)

(six brain
regions)
n = 34

Sphingomyelin

Human: (CSF)
AD n = 9
Control = 7

Cholesterol

Human:
AD (n = 9)
Control (n =
64)

6.24 ± 0.53
mmol/l over
control
patients
Values are
mean ± SEM

S1P
concentrations
in CSF of the
MS group were
significantly
higher (p <
0.01) compared
to the control
group
(2.2 ± 2.7
versus 0.69 ±
1.1 nM).
Human:
(Serum)

Monohexosylceramide,
Ceramide and
Sphingomyelin were
elevated in GBACarriers. All with p <
0.05

GBA
group(n
= 29)
nonGBA (n
= 35)
(Lukka
et al.,
1988)

Human:

Lower LDLCconcentrations were
associated with a higher
occurrence of PD

PD
group (n
= 124)
Control
(n =
112)

PD = LDL cholesterol:
110.7 (31.0) (mg/dL)
Control = LDL
cholesterol: 116.5
(37.1) (mg/dL)
Mean (Standard
deviation)

(Guedes
et al.,
2017)

(Huang
et al.,
2007)

Human:
MS
group
(n = 5)
Control
(n = 5)

Human:
SPMS
group
(n = 30)
Control
(n = 38)

MS group: 7.1
± 2.5 (% of
composition)

(Cunnane
et al., 1989)

Control: 3.8 ±
2.0 (% of
composition)
Significantly
different with p
< 0.01
Positive
correlation of
LDL levels with
MS progression

(Ďurfinová
et al., 2018)

SPMS: 4.04
mmol/l
(3.59–4.8)
(Secondary
progressive
form of MS)
Control: 2.91
mmol/l
(3.19–2.44)
Data is
presented as:
median with
interquartile
range (Q1–Q3:
25–75%)

generation of Aβ protein are integral membrane proteins, and the Aβproducing γ-secretase cleavage occurs in the middle of the membrane,
suggesting that the lipid environment of the cleavage enzymes in
fluences Aβ production and hence AD pathogenesis (Reitz, 2013). This
association between cholesterol and AD has also been proven by
experimental studies that demonstrate that increases in 25-hydroxycho
lesterol affect memory consolidation and provokes oligodendrocyte
apoptosis (Reitz, 2013), also relating the peripheral cholesterol to AD
(Reitz, 2013).
On the other hand, sphingomyelin levels are decreased in AD, lead
ing to an increase of Cer concentration, resulting in the release of

cytochrome c and the activation of several proteins which are directly
related to neuronal apoptosis (Yadav and Tiwari, 2014) and Tau phos
phorylation as shown in Fig. 1. Further products of SP metabolism like
S1P, that is a neuroprotective agent, are then reduced showing a nega
tive correlation with the density of neurofibrillary tangles (Ojo et al.,
2019). As stated before, SP is associated with cholesterol to form lipid
rafts. Lipid rafts are conveyors and anchors of many important trans
membrane proteins such as BACE1 of γ-Secretase (Wong et al., 2017),
these are central proteins in AD pathology. So, the dysregulation of SP
and consequently, lipid rafts are tightly related to this disease (Dal
haimer, 2019; Marschallinger et al., 2020).
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Fig. 1. Lipids in Alzheimer’s Disease. Amyloid Precursor Protein (APP); BACE1, β-secretase; NO, Nitric Oxide; ECD, Eicosanoids; ROS, Reactive Oxygen Species
and other free radicals. In AD several lipid classes are highly disrupted, promoting neuroinflammation and increases in the amount of Aβ plaques and Tau aggregates.
The wrong cleavage of APP by BACE1 creates insoluble monomers that undergo multimerization and Aβ fibrilogenesis, Aβ then interacts with membrane receptors
activating downstream pathways to generate ROS, leading to mitochondrial lipid dysregulation, increases in AA alter kinases which in turn results in hyper
phosphorylation of TAU. Cer levels are elevated as well as AA, causing decreases in DHA and S1P leading to mitochondrial damage cell death. DHA dysregulation also
leads to accumulation of NO and to exocytosis. Overexpression of AA causes inflammatory responses mediated by eicosanoids which results in neuroinflammation.
S1P decreases contribute to neuroinflammation through interaction with lipid droplets, creating ROS and peroxidized lipid species. ROS and lipid peroxidation
generate decreases in SM, subsequently increasing Cer levels activating cellular apoptotic response and causing cell death.

AA and DHA are derived from PUFAs and are the most representative
ones with almost 20% of all brain glycerophospholipids. In AD PUFAs
concentrations are highly increased, leading to dysregulated levels of
DHA and AA resulting in oxidative stress, apoptosis, cognitive and
neuronal dysfunctions. The ratio of AA/DHA is intimately associated
with inflammation and vascular disruption, ending in the augment of
eicosanoids and leukotrienes (Ojo et al., 2019). The increase of proinflammatory activities in the brain has been linked to lipid mediators
in the AD brain. Increases of AA have been reported in mouse and
human models (Sanchez-Mejia and Mucke, 2010), this has been related
to the formation of Aβ plaques deriving in the intracellular accumulation
of Ca2+, calcium increase leads to neuronal excitotoxicity and cerebro
vascular dysfunction (Sanchez-Mejia and Mucke, 2010). Contrary to AA,
DHA has been associated with AD prevention and has even been pro
posed as a neuroprotective agent against the dendritic pathology of AD
(Calon et al., 2004). DHA is known to decrease with lipid peroxidation,
which is elevated in AD (Calon et al., 2004). DHA its also known for
modulating cholesterol levels in the brain. DHA acyl chains incorporate
directly into the lipid rafts excluding cholesterol, therefore changing
protein organization, clustering activity, and signaling (Heras-Sandoval
et al., 2016). Alternatively, DHA halts cholesterol synthesis and reduces
the γ-secretase contents in lipid rafts and activity of BACE1. In this sense
DHA effects on lipid composition of cellular membranes can play an
important role in AD, since AD patients highly ordered membrane lipid
rafts have been found with increased levels of cholesterol, which in turn
contain increased levels of BACE1 that suggests increased amyloido
genic processing of APP (Heras-Sandoval et al., 2016). Gangliosides are
another group of lipids dysregulated in AD models, GluCer is one of the

most targeted lipids for studies, showing increases in the ganglioside
production. This happens due to the glucosylceramide synthase mal
function (Grimm et al., 2014). The disproportion of ganglioside levels in
AD is also reflected in lipid rafts, where these lipid classes are particu
larly abundant. For example, ganglioside GM-1 is a major component of
these microdomains that plays an important role in Aβ aggregation
(Mesa-Herrera et al., 2019). As mentioned above, gender has proven to
be relevant factor in the developing of neurodegenerative diseases such
as AD. Menopause causes hormone deprivation on women, altering
mitochondrial function and lipid profiles in the hippocampus, as dis
cussed by (Herrera et al., 2019). These authors suggested that loss of
ovarian hormones precipitates the decline in mitochondrial bio
energetics promoting an accelerated aging phenotype eventually lead
ing to the development of brain hypometabolism, which is clinically
observed in menopausal women and prodromal Alzheimer’s disease
brains. Therefore, this could mean that women are more prone to
developing AD (see Fig. 2).
3.2. Parkinson disease
Parkinson Disease is characterized by degeneration and loss of
dopaminergic neurons in the substantia nigra compacta and hence a
dopamine reduction in the striatum, resulting in motor dysfunction and
several other cognitive dysfunctions such as deficits in attention, shortterm working memory, disrupted sleep patterns among others (Maiti
et al., 2017; Poewe et al., 2017; Valadas et al., 2018). Mitochondrial
dysfunction and an increase in misfolded proteins by malfunctioning of
the ubiquitin-Proteasome System and the autophagy lysosomal pathway
6
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Fig. 2. Lipids in Parkinson Disease: Lipids behavior in PD. 1. Lipid dysregulation leads to aSyn multimerization by several paths resulting in Lewis Bodies formation.
2. High levels of oxidative stress and increased levels of ceramides and Gangliosides result in neuroinflammation (GBA1 genetic risk factor increases levels of GluCer).
3. Lewis boy formation and neuroinflammation trigger cellular death and dopaminergic neurons are decreased.

unlike in AD, there is an inverse relationship between, cholesterol
concentrations and PD, which has made researchers even place choles
terol molecules as possible biomarkers (Huang et al., 2019; Doria et al.,
2016) Similar to AD, SP metabolism is highly impaired in PD. Cer con
centrations are dysregulated in the PD brain (Plotegher et al., 2019).
Even though Cer specific role in PD is not entirely understood, it has
been related to several genetic risk factors. The mutated GBA1 gene,
responsible for encoding lysosomal enzyme glucocerebrosidase (GCase),
is thought to be the biggest risk factor in sporadic PD (Suzuki et al.,
2018). GCase enzyme hydrolyzes the glycolipid glucosylceramide
(GluCer) and glycosylsphingosine, leading to a GluCer accumulation,
and thus, this could be one of the mechanisms that contribute to aSyn
aggregation. Another genetic risk factor associated with Cer is the
ablation of PLA2G6 (Plotegher et al., 2019) which encodes an enzyme
involved in phospholipids metabolism (AA regulation). This mutated
enzyme has been linked to a Ca2+ impairment (Plotegher et al., 2019)
leading to mitochondrial dysfunction; Ca2+ alterations also turn into a
Cer increased levels, present in PD, as mentioned before. With this Cer
dysregulation, S1P concentrations are significantly decreased, leading to
oxidative stress and cell death (Motyl and Strosznajder, 2018). It is
worth mentioning that Aβ and Tau conglomeration has also been re
ported in PD (Goedert, 2015).

are the common conditions of PD along with the aggregation of protein
α-synuclein (aSyn), highly expressed in the central nervous system
(CNS). aSyn is located mostly in presynaptic terminals (Ruipérez et al.,
2010) although the aSyn functions are still uncertain, it has been pro
posed to aid in synaptic maintenance, modulation of neurotransmitters
release (AMDN; AFESDTN) and in FA metabolism regulation. A neuro
protective activity has also been attributed to aSyn, via binding to lipid
membranes or lipid droplets, and preventing oxidation (Ruipérez et al.,
2010; Suzuki et al., 2018), however, this was only reported in its
monomeric structure. Unlike its normal functions, its interactions with
other molecules have been further studied and elucidated. In basal
conditions, aSyn is a monomeric unstructured protein; when aSyn in
teracts with PUFAs, changes its conformation and undergoes multi
merization into fibrils, disabling its functionality. This has been proven
by aSyn exposure to PUFAs (Ruipérez et al., 2010) in which an increased
aSyn aggregates were observed when exposed to PUFAs. Given that it
binds to free PUFAs it affects membranes, micelles, and lipid droplets.
Thus, it has been widely suggested that lipid́s chemical properties can
activate the aSyn aggregation (Suzuki et al., 2018). This association of
aSyn with FA metabolism impairment, causes concentrations of AA to
drop and in compensation, DHA is highly increased. Also, in a study
conducted in mice, the most notorious phospholipid changes were
observed in aSyn wild-type animals as a function of age and gender, the
authors report that phospholipid profiles change substantially in the
brain with age, and that these changes are more pronounced in males
than in females (Rappley et al., 2009) it is also proposed that potentially
pathological changes in aSyn function would manifest primarily in aged
male mice as a result from these altered lipid profiles, if these effects
were extrapolated to humans, it could be possible that gender
dependent-lipidomic differences in aged men and resulting alterations in
aSyn function could contribute to the observed gender differences in the
PD patient population (Rappley et al., 2009). Regarding cholesterol,

3.3. Multiple Sclerosis
Multiple Sclerosis is known to be an inflammatory demyelinating
disease of the CNS. This causes cognitive dysfunction, affecting pro
longed attention, recent memory, visuospatial perception, high fatigue
levels and, conceptual reasoning (Nori et al., 2019; Browne et al., 2019).
This disease has even been largely related to lipid disorders and also
proposed to be caused by disturbed lipid metabolism (Lötsch et al.,
2018). However, in contrast with AD and PD, MS molecular mechanisms
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are less understood. It has been proposed to be secondary to an auto
immune response by T cells (Del Boccio et al., 2011), which will derive
in myelin damage. Another immune system important actors are myelinladen macrophages. In the brain, these cells normally have antiinflammatory activities, but with the augment of oxidative stress,
these immune cells lose their myelin-removing role and switch their
activity towards pro-inflammatory responses (Miljković and Spasojević,
2013). Myelin is known to be a protective agent against oxidative stress
(Halmer et al., 2014; Miljković and Spasojević, 2013). Demyelinated
neurons are more susceptible to oxidative stress. There are several ways
in which lipids play important roles in the demyelination process,
especially from SP metabolism. An increase in sphingomyelin cleaving
enzymes has been reported in MS (Halmer et al., 2014), this results in
higher levels of Cer and to oxidative stress. Sphingomyelin catabolic
pathways are not the only ones involved in Cer production; Cer mole
cules have been reported to have and, increased de novo production in
MS. In a similar manner ceramide 1-phosphate (Cer-1-P) is increased as
well and triggers the production of inflammatory agents, such as phos
pholipase A2 (PLA2) (Halmer et al., 2014). Another key factor in this
process is the S1P receptors, which have been largely seen as critical
receptors for demyelination (Pazhouhandeh et al., 2018; Halmer et al.,
2014). Other authors have reported lipid impairments in MS such as
altered levels of lysoglycerophosphatidylcholine and glycer
ophosphatidylcholine (Del Boccio et al., 2011) and a drop in the ratio of
these lipids, suggesting its inference in the disease, although the specific
mechanisms involved have not yet been determined. Similarly, choles
terol seems to be highly connected to some specific symptoms of MS-like
fatigue. Based on the fact that oxidative stress modifies cholesterol as
other lipid molecules like unsaturated fatty acids to produce lipid me
diators with proinflammatory activities (Del Boccio et al., 2011; Browne

et al., 2019), the latter authors proposed cholesterol pathway to
potentially modulate MS-fatigue, and related cholesterol pathway bio
markers to MS. Although the molecular mechanism of most lipid roles
overall in AD, PD, and MS have not been completely elucidated yet, the
close relationship between lipids and brain cell functioning and dysre
gulation is undeniable. Taken together, all this evidence places lipids as
central and key actors for neurodegeneration and potential targets for
drug discovery (see Fig. 3).
4. Lipidomics studies and recent advances in neurodegeneration
These mentioned diseases represent a challenge for modern medicine
and brain biology, since currently no treatment or completely reliable
early diagnosis is available, is it of great importance and urgency to
study the basic etiology of these pathologies. To this end, keeping in
mind the central role of lipids to these neurodegenerative conditions,
lipidomics is a powerful and promising tool.
This section highlights the potential of lipidomics studies as an
approach to neurodegenerative studies and the growth of the field in
neurosciences, specifically for AD, PD, and MS. As mentioned above,
lipidomics is the study of all lipid molecules within an organism, cell or
any other biological systems. The possibilities created by the availability
of this data has lately been explored by several authors that have taken
advantage of this novel resource. In AD, lipidomics studies have grown
significantly in the last decade; with MS developments mentioned, re
searches have achieved multiple advances. For instance, a study of tar
geted lipidomics successfully classified groups of patients into Mild
Cognitive Impairment, Late On-set AD, and a third group that showed no
impairment by studying the levels of DAG and ethanolamine plasmal
ogens with high-resolution MS (Wood et al., 2016). Likewise, untargeted

Fig. 3. Lipid impairment in MS. Autoimmune responses mediated by T cells generate increases in ROS modulating myelin-laden macrophages and switching their
activity to a pro-inflammatory response. Elevated levels of SM cleaving enzyme rapidly reduce SM, resulting in elevated levels of Cer (which is also increased by the
novo production) and Cer-1-P leading to degenerated Myelin and induction of neuroinflammatory agents such as LPA2, that in turn dysregulates AA concentration,
these impairments in PUFAs result in neuroinflammatory responses mediated by eicosanoids contributing to neurodegeneration and cell death of neurons and
oligodendrocytes.
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lipidomics analyses have also been used for classification purposes.
Recent research associates blood lipid to AD on 148 CE and 152 control
plasma samples (Proitsi et al., 2016); authors report 24 lipid molecules
that combined classified AD patients at a 70% accuracy. Moreover, this
study also led to the identification of lipid signatures for detecting dis
ease progression and brain malfunction (Proitsi et al., 2016). Other types
of lipidomics such as Mass Spectrometry Image lipidomics have also
found markers for AD. A study of Imaging MS revealed a decrease in
sulfatides in postmortem brain regions, differentiating AD patients vs
healthy and, suggesting sulfatides as a marker for AD (Gónzalez de San
Román et al., 2017). This highlights how lipidomics is consistently used
for diagnosis and classification in AD. However, lipidomics has several
other applications to study this pathology, such as testing their role as
potential therapeutic targets for drugs. As illustrated by (Gao et al.,
2018) where high-throughput serum lipidomics was employed for
exploring potential therapeutic targets of kaixinsan as well as for asso
ciating perturbated pathways to the disease. They concluded that lino
leic acid, arachidonic acid, and sphingolipid metabolism play a key role
in AD (Gao et al., 2018), as largely mentioned in this review.
Although not as much as AD, lipidomic studies in other neurode
generative conditions such as PD and MS are becoming more popular. In
PD, a lipidomic analysis profiled plasma lipids for 150 PD subjects and
100 controls found two lipid classes (triglycerides and mono
sialodihexosylganglioside) to be different between the PD patients and
controls, with monosialodihexosylganglioside showing the most signif
icant difference, directly associating elevated levels of this glangioside
to PD (EGM3). Another study, related plasma lipids to GBA-associated

PD patients, presenting high levels of Cer, monohexosylceramide, and
SM. On the other hand, Phosphatidic acid, Phosphatidylethanolamine,
Plasmalogen phosphatidylethanolamine, and Acyl Phosphatidylglycerol
were reported to be decreased (Guedes et al., 2017). More recent work
illustrates how aSyn aggregation disrupts lipid homeostasis, reporting
excessive oleic acid and diglycerides concentrations in PD brains.
However, they show how lipids can also serve as neuroprotective agents,
with lipid droplets and triglycerides neutralizing the disrupted lipids.
This supports the active role of fatty acid metabolism in the disease as
neurotoxicity drivers. Moreover, lipidomic study identified StearoylCoA desaturase as a drug target and open the path for a possible treat
ment generation. As for MS, as mentioned above, lysoglycerophosphatidylcholine and glycerophosphatidylcholine species
were found to be altered through LC–MS based lipidomics study in
which the authors highlight the disrupted phospholipid metabolism in
MS. Similarly, another work performed metabolomics and lipidomics to
study the disease progression after experimental autoimmune enceph
alomyelitis induction in mice. Researchers reported glycer
ophospholipids and fatty acyls to be downregulated during disease
progression. In contrast, glycerolipids and sphingolipids were
upregulated.
These lipidomics studies are generating fair amounts of extremely
valuable data for addressing these neurodegenerative conditions,
although there is no cure or treatment currently available, lipidomics
has proven to be a promising approach to generate both knowledges on
the etiological bases of the diseases as well as drug targets and bio
markers for potential treatment (see Figs. 4 and 5).
Fig. 4. Workflow for applying Machine
Learning methods to neurodegenerative
research through the analysis of lipidomics
(metabolomics) data. 1. Data pre-processing
of raw data; curation and preparation for
analyses. 2. Method selection; depending on
the objectives, several methods must be
implemented in order to choose the one(s)
with better outcome. 3. Cross-validation is
the process of obtaining the best possible
results by dividing your data into training
and test sets iteratively. 4. Model construc
tion and testing consists on the feature se
lection, model ensemble, model training and
model testing. 5. Results biological interpre
tation of the model outcome will add the
relevance to the results and determine the
value of the model.
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Fig. 5. Neuronal Network and Random Forest Methods for Biomarker Serum for MS. In this figure, the basics of the process for creating a Neuronal Network model
for the identification of features or lipid markers through unsupervised learning is shown, as well as for the Random Forest Model, used for the classification of
patients into healthy or MS. The processes in the figure are overly simplified, for more detailed information of the methods refer to (Burkov, 2019) and for spec
ifications of the Biomarker Serum for MS refer to (Lötsch et al., 2018). The authors employed the R package “Umatrix” and the R library ‘’RandomForest’’
respectively for the calculations.

4.1. Lipidomic techniques evolution and data acquisition

2017). After this, shotgun-lipidomics also entered as a game-changer
with Multi-Dimensional Mass Spectrometry-based Shotgun Lipidomics.
This new approach permitted the study of chemical components of the
ions and could be further used for determining crucial properties of lipid
molecules such as structure and regiospecificity (Gross, 2017). This
approximation would be rapidly enhanced by High Mass Accuracy
Shotgun Lipidomics, expanding the power of shotgun lipidomics with
increased lipid species identification in just a few minutes after data
acquisition.
Some examples of how these techniques have been used to study
diseases such as AD and PD are presented here. A group of researches
employed Untargeted lipidomics to reveal progression of early Alz
heimer’s disease in APP/PS1 transgenic mice (Zhang et al., 2020), by
using ultra-high performance liquid chromatography coupled with
quadrupole-time-of-flight mass spectrometry they were able to identify
multiple significant changes in the levels of various groups of lipids,
including lysophospholipids, phosphatidylcholines, phosphatidyletha
nolamines and Ceramides, as well as other related lipid compounds such
as fatty acids, diacylglycerols and triacylglycerols in AD mice (Zhang
et al., 2020). Similarly, (Nam et al., 2017) performed a lipidomic and
transcriptomic study to assess the effect of high fat diet on phenotype in
a mouse model for AD. They used a Multi-dimensional Mass
Spectrometry-based Shotgun Lipidomics (MDMS-SL) and found that a
high fat diet (HFD) significantly impacts brain lipidome in AD model
mice. These authors demonstrated that individual molecular species of
anionic phospholipid classes PS, PG and PIP3 were increased in HFD fed
mice (Nam et al., 2017).
On the other hand, there have been a number of studies of lipidomics
for PD. For instance, lipidomic analyses were used for determining

The urgent need for providing solutions to these diseases has driven
the increasing interest of researchers into lipidomics data and studies as
highlighted in the previous section. However, this was possible mainly
thanks to the constant development and evolution of MS techniques. The
rapid growth of technical approaches to lipidomics has open widely the
amount and quality of this data. Here, the most employed techniques for
obtaining lipidomics data will briefly be overviewed, with no technical
perspective, but rather a contextualization for the reader to understand
the precedence and nature of the lipidomic data and its impact on lipid
and neurodegeneration research.
Techniques used in lipidomics studies have been available for over
30 years, however: these methods keep on improving with time at an
accelerated pace. Lipidomics started off with High-Performance Liquid
Chromatography (HPLC), followed by quantitation by Gas
Chromatography-Mass Spectrometry (GC–MS) to identify alterations in
lipid molecular species (mostly membrane lipids) (Gross and Sobel,
1980). Fast Atom Bombardment Mass Spectrometry (FABMS) came after
with great discoveries for lipidomics (Cole and Enke, 1991). It allowed
the identification of plasmalogens, having immediate implications like
the demonstration of distributions of AA containing plasmalogens in the
sarcoplasmic reticulum differing from mitochondria, that were
comprised predominantly of diacyl phospholipids containing linoleic
acid and arachidonic acid (Gross, 2017). More recently Electrospray
Ionization Mass Spectrometry became available, increasing dramatically
the Sensitivity, Specificity and, Power of Lipidomics. This method
improved by1000-fold the sensitivity in comparison with previous
methods and also increased the repertory of identified lipids (Gross,
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changes in the lipidomic composition of mitochondrial membranes
isolated from the brains of young and old The parkin null mice (PK-KO)
mice and compared them to wild type in order to determine possible
implications for Parkinson’s disease pathology. The results showed an
increase in the levels of phosphatidylethanolamine in the young PK-KO
mice that is lost in the old and correlated to changes in the phosphati
dylserine decarboxylase. PK-KO old mice mitochondria presented lower
phosphatidylglycerol and phosphatidylinositol levels and higher levels
of some forms of hydroxylated ceramides (Gaudioso et al., 2019).
Moreover, some studies have used the lipidomic approach directly to
specific brain cell types, as reported by (Fitzner et al., 2020). These in
vestigators performed quantitative shotgun lipidomics, which enabled a
cell-type-resolved assessment of the mouse brain lipid composition.
They were able to quantify 700 lipid species in great detail, obtaining
features such as fatty acyl chain length, hydroxylation, and number of
acyl chain double bonds, thereby identifying cell-type- and brain-regionspecific lipid profiles in adult mice, as well as in aged mice, in
apolipoprotein-E-deficient mice, in a model of AD (Fitzner et al., 2020).
This kind of studies are of great value and contribute to the better un
derstanding of lipids role in the brain.
All these novel developments and growth of MS techniques highly
increased the number of lipidomics data available, driving the need for
reliable repositories creation. Lipidomics databases enable large-scale
studies and drive novel research from previous datasets, this results
very useful for disease research. In the next section, a briefing of the
current most reliable lipidomics databases is presented.

Table 2
Lipidomics Databases Available.
Lipid Repository

Description

Author

Access Link

Metabolomics
workbench

A portal for metabolomics
resources, most notably the
National Institutes of
Health’s Metabolomics Data
Repository, plus analysis
tools, protocols, standards,
training, metabolomics news
and events, and more.
Database for Metabolomics
experiments and derived
information.is cross-species,
cross-technique and covers
metabolite structures and
their reference spectra as
well as their biological roles,
locations and
concentrations, and
experimental data from
metabolic experiments.
A relational database
encompassing structures and
annotations of biologically
relevant lipids. As well as
tools for MS Analysis,
Structure Drawing,
Statistical Analysis and
Lipidomics Analysis
Software. The largest public
lipid-only database in the
world.
Web-based mass
spectrometry ecosystem that
aims to be an open-access
knowledge base for
community-wide
organization and sharing of
raw, processed or identified
tandem mass (MS/MS)
spectrometry data.

(Sud
et al.,
2016)

http://www.
metabolomicsw
orkbench.org/

(Haug
et al.,
2013)

http://www.ebi.
ac.uk/meta
bolights/

(Fahy
et al.,
2009)

https://www.
lipidmaps.org/

(Wang
et al.,
2016)

http://gnps.ucsd.
edu

MetaboLights

LipidMaps:
Lipidomics
Gateway

4.2. Lipidomics databases

GNPS/Massive

Lipids repositories represent an important resource for researchers.
These databases make research possible, wide and more robust,
speeding up research and discovery of new information that can result in
novel applications. Here, the most relevant, complete and, updated lipid
(metabolomic) databases are presented. A brief description and the link
to each one is presented in Table 2.
4.3. Machine learning methods for lipidomics

to compare the performance and choose which ones to employ
depending on the model results. Sometimes it is necessary to use com
binations of them along the way of data analysis to acquire the best
results. However, in order to illustrate this, it is necessary to have an idea
of the nature of these methods.
In supervised learning, the dataset is a collection of labeled examples
so that for every input × you have a labeled output y and every input is
called a feature vector. The feature vector is described as: “a vector where
each dimension j = 1…D contains a value that describes that example
somehow” (Burkov, 2019). For example, if every example × represents
an enzyme, could be the substrate concentration and could be the
maximum reaction rate and so on. Having this ‘pairs’ of data, allows
your model to be trained and then classify unlabeled examples. The final
goal of this approach is to create a model that enables the decipherment
of the label of a given feature vector.

The immense amounts of omics data available have overcome the
existing methods to process and analyze it properly, the massive sample
size and high dimensionality of Big Data introduce unique computa
tional and statistical challenges, including scalability and storage
bottleneck, noise accumulation, spurious correlation, incidental endo
geneity and measurement errors. Which represents an urgent call for
novel ways and techniques to make the most out of this valuable data. In
the past twenty years ML research and implementation have shown
incredible growth, starting in marketing and financial areas; and now,
moving onto basic sciences. Researchers from all areas are starting to
benefit from the practical services offered by math and informatics. The
past decade represented a big expansion for ML methods in biology,
being implemented from mapping and predicting the spatial distribution
of species, all the way to cancer diagnosis and biomarker identification
in neurodegenerative contexts, as discussed further on.
Machine Learning can be defined as “the process of solving a practical
problem by (1) gathering a dataset, and (2) algorithmically building a sta
tistical model based on that dataset.” (Burkov, 2019). Nowadays ML is a
great research tool and also a highly desirable and required ability for a
modern scientist. The aim of this section is to illustrate the power of
these novel methodologies in neuroscience; more specifically for the
analysis of lipidomics (and therefore metabolomics) data applied to the
study of neurodegeneration conditions. Broadly, the ML methods can be
separated into two categories: Supervised Learning and Unsupervised
Learning although not exclusively as mentioned below. So, in this
manner, all methods will be addressed from these categories. It is
pertinent to highlight that in most cases it is necessary to use multiple
methods, both supervised and unsupervised learning in order to be able

4.4. Having all the inputs classified with high accuracy
In unsupervised learning, as the name suggests, the dataset is a
collection of unlabeled examples, having that every example is a feature
vector. The main objective of these methods is to create a model that
transforms the feature vector data into a different vector or into a value
that can be useful for solving a problem, for example creating subsets or
clusters of data from large datasets.
It is worth mentioning that there are also methods that can be clas
sified as semi-supervised learning, referring to a collection that contains
both labeled and unlabeled examples on it and some others such as
reinforcement learning, the later will not be addressed here.
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4.5. Applications

supervised learning, Random Forest was applied, and after the training
process, a t-SNE analysis was used to verify the results. As for the un
supervised learning, Clustering Large Applications (CLARA) and
Density-based Spatial Clustering of Applications with Noise (DBSCAN)
were employed. Both approximations had, interestingly, very similar
results, classifying very accurately the ions of the three regions. For
graphical demonstration please refer to (Tian et al., 2018). These
methods are beginning to be implemented to assess other types of data
analysis, such as the integration of multiple types of data. A study on
metabolic syndrome and obesity shows how to implement ML to inte
grate metabolomic, lipidomic, and clinical data (Acharjee et al., 2016),
which represents a current challenge to scientists, relating the metabolic
state of a system and directly linking it to the clinical phenotype is a
complex task. In this research, authors successfully integrate classical
toxicological and clinic test results with metabolomics and lipidomics
data. This was achieved with Random Forest analysis used for both
regression and classification purposes. For classification, Random Forest
was used to obtaining subsets of metabolites from a metabolomic study
and correctly predicting different drug doses responses. As for regres
sion, it was implemented to link liver metabolites to plasma parameters
obtained in clinical chemical tests. Allowing them to assess this
complicated task. This kind of approach could be replicated for neuro
degenerative conditions like AD, PD, and MS.
As mentioned above, ML methods are a powerful tool for data inte
gration. In the following study, ML was implemented to integrate several
types of omics data. Complementing a powerful tool largely imple
mented in systems biology: Genome-scale metabolic models (GEMs).
The integration of metabolomics and lipidomics data into these models
is of great value since it validates the model in a more complete way. In
order to achieve this, it’s important to identify key elements when
integrating Machine Learning with GEMs, as mentioned in (Zampieri
et al., 2019). A central one is that GEMs can work for simulating a
biological system as well as for mining data of the model and generate
information. The previous enables the direct integration of ML methods
to both simulations analysis and information generators, that will adjust
to research goals. These authors (Zampieri et al., 2019) have also re
ported a large variety of ML methods to be implemented given a specific
type of study and integration approach. Studies were divided in Fluxo
mic analysis, Multiomic analysis, or Generation of constraint-based
models. Integration approaches comprised: Concatenation based,
Constraint base, or model-based. This organized format shows precisely
which ML methods can be implemented with GEMs, which have lately
been reported in neurodegeneration research (Özcan and Çakır, 2016;
Sertbaş et al., 2014). So, depending on whether datasets are available or
not, unsupervised or supervised learning can be implemented for
fluxomic analyses or multi-omic analyses as well as for the generation of
constrained based models (Zampieri et al., 2019).
It is also worth mentioning that brain lipidome analyses are relevant
for a number of brain diseases such as Psychiatric disorders, and in this
regard, Machine learning techniques can provide valuable insights into
these pathologies as well. A good example of this is shown by (Dickens
et al., 2021), where the authors applied a model-based clustering
method to differentiate groups of patients with clinical high risk of
psychosis to determine their future clinical outcome, which can be very
hard to predict. With this model, in which the model performances are
evaluated by the Bayesian information criterion, they were able to
successfully discriminate subjects that would develop psychosis from
those who did not. This is just an example of how machine learning
through lipidomic analyses can aid in many different brain disorders.
As discussed above, implementing ML algorithms to analyze lip
idomics and metabolomics data in neurodegeneration (as for other
fields) is a promising approach to better understand these diseases and
aid in the discovery of novel drugs and treatments. There are several
notorious advantages when employing ML. For instance, Models pro
vided by these methodologies are highly susceptible to the amounts and
quality of data used for model construction, making lipidomics and

A recent and great example of how to apply ML to optimize the use of
MS data was performed by (Lötsch et al., 2018). These authors devel
oped a lipid-based serum biomarker that predicted Multiple Sclerosis
with an accuracy of approximately 95% in training and test data sets
using a combination of supervised and unsupervised learning as follows.
First, unsupervised learning, through neuronal networks, swarm intel
ligence and Minimum Curvilinear Embedding was used to extract a
serum concentration of d = 43 different lipid mediators (Lötsch et al.,
2018). As mentioned above, unsupervised learning searches for relevant
information in unlabeled datasets, so here, it was used in order to assess
whether the d = 43 lipids where relevant to diagnose MS. This was
achieved because the clusters created by these methods coincided
among the healthy individuals and among the MS patients. It is worth
mentioning that ML clustering methods largely outperform classical
clustering algorithms. Once these clusters were identified as relevant to
identify MS patients and separate them from the controls. The next step
was to identify which Machine Learning methods to use in order to
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4.6. Challenges and future perspectives
Although the potential of ML methods is undeniable, big challenges
can also emerge when employing these techniques. Some of the most
daring aspects of ML can be: Data acquisition, since these models require
large amounts of data to present reliable results; time and computational
resource, given that handling large datasets can be computationally
demanding and the models take time to be properly trained; interpre
tation of Results, which will be the major challenge for researches and
finally, high error-susceptibility that is very usual when the models are
trained with insufficient data, leading to unreliable results. Despite the
challenges, working with data such as lipidomics or metabolomics data
can be beneficial in a sense, since omics data are precisely large amounts
of data that most certainly could not be analyzed without bioinformatics
tools, tackling both data acquisition and high error-susceptibility. As for
the outcome’s analysis, this will highly depend on the method selected
for the specific analysis, making it a critical step for researches when
using ML methods. Considering the latter, we highly encourage re
searchers to integrate these techniques into their investigations and
studies to expand and accelerate advances in the extremely needed
neuroscience research especially in health areas such as AD, PD and, MS.
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Daniel Báez Castellanos: Investigation, Writing - original draft.
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Mesa-Herrera, F., Taoro-González, L., Valdés-Baizabal, C., Diaz, M., Marín, R., 2019.
Lipid and lipid raft alteration in aging and neurodegenerative diseases: A window for
the development of new biomarkers. Int. J. Mol. Sci. 20 (15), 3810. https://doi.org/
10.3390/ijms20153810.
Mielke, M.M., Maetzler, W., Haughey, N.J., Bandaru, V.V.R., Savica, R., Deuschle, C.,
et al., 2013. Plasma ceramide and glucosylceramide metabolism is altered in
sporadic parkinson’s disease and associated with cognitive impairment: A pilot
study. PLoS ONE 8 (9), e73094. https://doi.org/10.1371/journal.pone.007309.
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