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From the perspective of precision medicine, the challenge for the future is to
improve the accuracy of diagnosis, prognosis, and prediction of therapeutic
responses through the identification of biomarkers. In this framework, the omics
sciences (genomics, transcriptomics, proteomics, and metabolomics) and their
combined use represent innovative approaches for the exploration of the
complexity and heterogeneity of multiple sclerosis (MS). This review examines the
evidence currently available on the application of omics sciences to MS, analyses the
methods, their limitations, the samples used, and their characteristics, with a
particular focus on biomarkers associated with the disease state, exposure to
disease-modifying treatments (DMTs), and drug efficacies and safety profiles.
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Introduction

Multiple sclerosis (MS) is a chronic autoimmune disease of the central nervous system
(CNS), characterized by pathological, clinical, and neuroradiological complexity, that has
variable prognoses and disease outcomes (Filippi et al., 2016). As epidemiologic studies have
previously shown, MS rates vary with several genetic and environmental factors (Ward and
Goldman, 2022); many of these driving the phenotypic (Olsson et al, 2017) and
neuroradiological heterogeneity (Lorefice et al., 2019a) of MS and the different trajectories
of MS progression. Changes in diagnostic methods and criteria, incorporating imaging and
spinal fluid abnormalities in patients presenting with a clinically isolated syndrome, have
allowed earlier diagnoses of MS (Thompson et al., 2018) and, improved disease control and
management. MS occurs more frequently in young adulthood and is characterized by an initial
relapsing-remitting phase (RRMS) followed by evolution to secondary progressive MS; about
10% of patients present a progression from the onset of the disease, which usually begins later in
these cases (Filippi et al., 2016). At the extremes, the paediatric forms (before age 18), in which
the clinical onset is closer to the biological onset (Margoni et al., 2022), and the late onset MS
(after age 50), in which the opposite happens (Naseri et al., 2021), fuel the debate on the role of
the environment, lifestyle, and other factors in the clinical onset of the disease, the biological
reserve and brain resilience, and the long-term disease progression. There is a strong debate on
how MS patients acquire disabilities, either through relapse-associated worsening (more
attributable to the inflammatory aspects of the disease), or through progression
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independent of relapse activity (Lublin et al, 2022). On clinical
grounds, it is of central importance to distinguish between patients
with more inflammatory characteristics and those with more
neurodegenerative aspects, for the early identification of MS
progression (Filippi et al, 2020) and to better guide disease
management and therapeutic choices; in the current scenario,
specific options are available for progressive forms (Amezcua,
2022). In the last decade, the therapeutic armamentarium of MS
has changed to include the introduction of disease-modifying
therapies (DMTs) with different mechanisms of action, routes of
administration, levels of efficacy, and safety profiles (Faissner and
Gold, 2022). In this context, the identification of biomarkers that could
shed light on the
neurodegeneration, and reveal the biological mechanisms involved

mechanisms  of inflammation and
in the response and safety of DMTs, represent a crucial challenge in
the therapeutic decision-making process. This makes medicine more
personalised. Within this framework, omics technologies are emerging
as innovative approaches for studying the complexity of MS
(Villoslada and Baranzini, 2012), including the numerous factors
influencing its evolution and response to immunotherapies. Omics
sciences can improve the matching of a patient with the best available
DMT among the varied therapeutic scenarios and drugs, which have
different effects and mechanisms of action, and help determine the
best “window of therapeutic opportunity” (Cocco et al., 2015).
Given this scenario, this review summarizes how emerging multi-
omic approaches  (genomics, transcriptomics, proteomics,
metabolomics and others) can improve the understanding of MS,
also discussing the available evidence on biomarkers, which may
predict the efficacy and safety of DMTs, and the effects of MS-

unrelated factors on MS evolution.

Omics approaches

Systems biology approaches have shown promise in elucidating the
mechanisms underlying complex diseases through the integration of
different levels of omics information, using a holistic perspective that
considers all processes involved and their dynamics (Villoslada and
Baranzini, 2012). Ideally, this would facilitate the discovery of different
types of biomarkers and the identification of how they are related across
the different levels of biological complexity (genes, molecules, cells,
tissues, organisms) to the clinical phenotype (Baranzini, 2006). There
are various branches of omics sciences, from the more-known genomics,
transcriptomics, proteomics, and metabolomics, to several subcategories
of disciplines in biology, all with names ending with the suffix -omics.
Omics approaches and their combinations have grown enormously,
offering new evidence on the inflammatory and neurodegenerative
mechanisms of MS, as well as on possible predictors of its evolution.
The main omics sciences, the current methods on which they are based,
and the evidence available to date are described below, with particular
detail on understanding the MS pathogenetic processes, efficacies of
DMTs, and safety implications.

Genomics
Genomics was the first omics approach used on a large scale and has

benefited from advances in microarray technology, next-generation
sequencing (NGS), and genome-wide association studies (GWAS).
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Through an agnostic study of the entire genome, genomics has
expanded the knowledge of the genetic bases of complex diseases and
quantitative traits, including immune traits and drug responses. These
data create new opportunities for drug discovery and the selection of
molecular biomarkers predictive of drug response and efficacy. The
genetics of MS have been extensively investigated over the past
15 years through several large GWAS that have advanced the
understanding of genetic predisposition to MS. Currently, over
233 unequivocal, independent, genetic associations have been
identified (International Multiple Sclerosis Genetics Consortium:
Hafler et al., 2007; Sawcer et al., 2011; Beecham et al.,, 2013; De Jager
et al,, 2009; Patsopoulos et al., 2011; Andlauer et al., 2016; Sanna et al.,
2010). They are located throughout the genome and include
32 independent variants in the HLA region and one on the X
chromosome. The greatest MS association from the GWAS data is for
the HLA-DRB1*15:01 risk allele (International Multiple Sclerosis
Genetics Consortium, 2019a). Most of the genes involved in MS
susceptibilities are expressed mainly in immune cells (B and T
lymphocytes, natural killer [NK] cells, monocytes, macrophages) and
microglia (International Multiple Sclerosis Genetics Consortium, 2019b);
risk variants are often located on promoters and enhancers. Disease risk
variants can be combined to quantify genetic predisposition, stratify
individuals according to disease risk, or predict prognostic outcomes
and response to therapy (Lambert et al, 2019). Mathematical models
combine information from a large number of associated genetic variants
by using a weighted sum of allele counts, in which the weights reflect the
estimated effect size (odds ratio) of disease-associated alleles to generate
polygenic risk scores (PRS). PRS have been used as predictive biomarkers
in high-risk individuals for several diseases, and their inclusion in clinical
care has been proposed (Khera et al., 2018). However, there is currently no
MS-predictive score model with potential clinical utility. Several authors
have tested predictive models that include both genetic risk and known
environmental risk and other variables, such as gender and age (De Jager
et al,, 2009; Shams et al., 2022). However, the inherent complexity of the
disease, characterised by a large number of variants that contribute to the
disease with small or moderate effects (Odd ratio three 1.1 and 1.5) and
with a large share of genetic heritability that still remains unexplained, is
probably the main reason for the difficulty in developing a predictive score
can provide accurate predictions at the individual level.

A complete list of associated variants and summary statistics for
each study is available (https://www.ebi.ac.uk/gwas/).

One of the open challenges is to systematically combine genomic data
with other omics data. For this purpose, co-localization methods are
increasingly being used (Giambartolomei et al., 2014). The coincidence of
associated variants that influence disease risk and modulate quantitative
variables or regulate gene expression, “coincident associations”, provide
information on disease mechanisms and inform drug targeting of specific
pathways (Floris et al,, 2018).

It is known that the use of genomics in drug development improves
their success and reduces development time (Plenge et al., 2013). This is
supported by retrospective analyses (Cook et al., 2014; Nelson et al., 2015)
showing that drugs developed to target molecules identified by genetic
associations are more likely to pass efficacy testing.

In addition, genomics research retrospectively linked a variant on
TNFSF13B with an augmented risk of MS and systemic lupus
erythematosus (LES) and a blood increase in soluble BAFF, which
is already a target of belimumab, a monoclonal antibody approved for
LES (Stohl and Hilbert, 2012) and in clinical trials for MS (Steri et al.,
2017).

frontiersin.org


https://www.ebi.ac.uk/gwas/
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1076421

Lorefice et al. 10.3389/fgene.2023.1076421

TABLE 1 Genetic variant and allele risk for response to interferon beta and anti-drug antibody measurement traits in multiple sclerosis from the Andlauer TFM Study
(Andlauer TFM et al., 2020)

Variant and risk allele  P- P-value annotation Mapped gene
value

rs9281971-TTTTTTT 2 x 10-17 0.36 - 0.6 unit decrease [-0.46-0.74] HLA-DQA1

1$9272775-C 2 x 10-19 NR - 0.40715143 unit increase | [0.32-0.5] HLA-DQA1

rs17205731-T 2 x 10-11 | (conditional on HLA-DRB1%*04:01) 0.05 - 0.62026006 unit increase = [0.44-0.8] HLA-DQBI1,
MTCO3P1

rs3129783-G 4 x 10-19 0.44 - 0.3 unit decrease [-0.24-0.36] HLA-DQBI1,
MTCO3P1

rs886401-A 4 x 10-12 NR - 0.24661802 unit increase = [0.18-0.32] CCHCR1

rs9271721-G 5 x 10-22 NR - 0.32949224 unit increase = [0.26-0.4] HLA-DQA1, HLA-
DRB1

rs9281962-T 5 x 10-32 0.44 - 0.5091026 unit increase [0.42-0.59] HLA-DQA1, HLA-
DRB1

rs1265086-T 5 x 10-9 (conditional on rs9272071 + 0.38 - 0.15234222 unit decrease = [-0.1-0.2] POLR2LP1, CCHCR1

rs28746882)

rs2523608-G 2 x 10-13 0.48 - 0.18175249 unit increase = [0.13-0.23] HLA-B

1r$9260765-C 5 x 10-11 0.45 - 0.17372645 unit increase | [0.12-0.23] MICD, HLA-W

rs9272071-C 5x 10-18 0.32 - 0.22615278 unit decrease = [-0.17-0.28] HLA-DQA1

rs28746882-A 5% 10-11 | (conditional on rs9272071) 0.08 - 0.27678168 unit increase | [0.19-0.36] HLA-DQBI,
MTCO3P1

1§9272775-C 3 x 10-24 0.23 - 0.41 unit increase [0.33-0.49] HLA-DQA1

1s559242105-TA 5 x 10-10 | (conditional on rs9272775) 0.18 - 0.28 unit decrease [-0.18-0.38] HLA-DPA2,
COL11A2P1

rs$9268633-A 1 x 10-17 0.39 - 0.2 unit increase [-0.0392- HLA-DRA, TSBP1-AS1

0.0392]

1s9271673-C 2 x 10-28 NR - 0.37 unit increase [0.31-0.43] HLA-DQA1, HLA-
DRBI1

rs9281971-TTTTTTT 2 x 10-17 NR - 0.16 unit decrease [-0.12-0.2] HLA-DQA1

1s559242105-TA 1 x 10-8 (conditional on rs28366299) 0.18 - 0.85 unit decrease [-0.56-1.14] HLA-DPA2,
COL11A2P1

1s28366299-A 7 x 10-19 0.19 - 1.27 unit increase [1.0-1.54] HLA-DQA1, HLA-
DRB1

1s77278603-A 2 x 10-24 NR - 1.06 unit increase [0.86-1.26] HLA-DRB5, HLA-
DRBY9

1s9271700-G 5 x 10-27 0.42 - 1.25 unit increase [1.01-1.49] HLA-DQA1, HLA-
DRB1

rs522308-T 2 x 10-15 0.25 2.6 - [2.05-3.29] HLA-DQA1, HLA-
DRB1

rs2454138-A 5 x 10-19 0.22 - 0.41 unit increase [0.31-0.51] HLA-DQA1, HLA-
DRBI1

1s2454138-A 8 x 10-19 0.22 - 0.41 unit increase [0.31-0.51] HLA-DQA1, HLA-
DRB1

rs2454138-A 1 x 10-18 0.22 - 0.41 unit increase - HLA-DQA1, HLA-
DRB1

The increasing availability of genetic data collected by  information on the efficacy and safety of treatments that are
international biobanks (Wu et al.,, 2019) and linked to information  directly applicable to clinics.
on drug-action phenotypes promote GWAS on genetic effects related For example, individuals can be stratified into responders and
to drug responses (pharmacogenetics). These can provide useful = non-responders, or avoid side effects, based on known genetic

Frontiers in Genetics 03 frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1076421

Lorefice et al.

TABLE 2 Genetic variants implicated in efficacy and safety of MS drugs

10.3389/fgene.2023.1076421

LEVEL VARIANT GENE DRUGS PHENOTYPE CATEGORIES
Level 1A CYP2C9*1, CYP2C9*2, CYP2C9*3 CYP2C9 siponimod Metabolism/PK
Level 3 1512044852 CD58 interferon beta-1a, interferon beta-1b Efficacy

Level 3 rs760316 FHIT interferon beta-1a, interferon beta-1b Efficacy

Level 3 rs10760397 GAPVD1 interferon beta-1a, interferon beta-1b Efficacy

Level 3 152291858 GAPVD1 interferon beta-1a, interferon beta-1b Efficacy

Level 3 rs10819043 GAPVD1 interferon beta-1a, interferon beta-1b Efficacy

Level 3 HLA-B*15:01:01:01 HLA-B interferon beta-1a Efficacy

Level 3 19272105 HLA-DQA1 interferon beta-1a, interferon beta-1b Efficacy

Level 3 HLA-DRB1*04:01:01 HLA-DRBI1 interferon beta-1a Efficacy

Level 3 12205986 IRF6 interferon beta-1a, interferon beta-1b Toxicity

Level 3 rs4774388 RORA interferon beta-1a Efficacy

Level 3 rs10494227 ZNF697 interferon beta-1a, interferon beta-1b Efficacy

Level 3 154278350 interferon beta-1a, interferon beta-1b Efficacy

Level 3 151448673 interferon beta-1a, interferon beta-1b Efficacy

Level 3 rs3133084 interferon beta-1a, interferon beta-1b Efficacy

Level 3 rs75041078 glatiramer acetate Toxicity

Level 3 1rs12459996 glatiramer acetate Toxicity

Level 3 rs1056854 glatiramer acetate Toxicity

Level 3 rs2229109 ABCBI1 cyclophosphamide, prednisone, rituximab, Toxicity

factors (personalized medicine). In the United States, Europe, and
Asia, many initiatives are studying personalized medicine models
based on preventative screening of a large number of pharmacogens
(PGx-testing). Preliminary economic evaluations of efficacy have
demonstrated a broad benefit from genotype-guided treatments.
While many studies have been published, indicating a large
number of drugs-variant associations, most analyse small cohorts
and show small effect sizes; these are unlikely to be replicated in
other studies. Unfortunately, studies on MS drugs remain limited, and
genomics studies have not yet led to significant changes in clinical
practice toward personalising therapy. Interferon-beta (IFN-p) is a
first-line therapy in MS, that is, used widely (Tsareva et al., 2016).
Unfortunately, up to 50% of patients show a suboptimal response to
IFN-B and are categorized as non-responders. IFN-B is the most
studied biomarker associated with the treatment response. Many
GWAS in different populations are conducted; however, these are
limited to relatively small cohorts of patients (Mahurkar et al., 2017).
Anti-IFN-B antibodies may develop during treatment. These
antibodies may reduce both the bioactivity and clinical efficacy of
IFN-B, reducing or abrogating treatment effects (Pachner et al., 2009).
For this reason, many genomics studies have looked for genetic
variants that influence the production of anti-IFN-p antibodies,
identifying some associated HLA SNP variants, as reported in
Table 1 (Andlauer et al, 2020). In addition, glatiramer acetate
(GA), another first-line treatment of MS, shows variability in
response among patients (Carter and Keating, 2010), and GWASs
have found a multi-SNP (rs80191572, rs28724893, rs1789084 and
rs139890339) signature specific to GA identifies MS patients with a
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greater response to treatment in multiple and independent cohorts
(Ross et al., 2017). Pharmacogenetic studies on the response of other
treatments in MS patients are lacking. In contrast, many studies on
rituximab in rheumatological and haematological diseases suggest that
the outcome of anti-CD20 therapy could be predicted by SNPs that
affect the cytotoxic function of macrophages and NK cells and B-cell
survival (Zhong et al., 2020).

Drug treatments can have substantially different adverse reactions in
individuals, due to genetic variants that modulate individual
responses to the drug. The US Food and Drug Administration
site (https://www.fda.gov/drugs/science-and-research-drugs/table-
pharmacogenomic-biomarkers-drug-labeling) and PharmGKB (http://
www.pharmgkb.org) maintain an up-to-date list of genetic variants
implicated in drug efficacy and safety. In a search for DMTs used in
MS treatment, only clinically actionable variants (level of evidence
1A or 1B) were found between CYP2C9 and siponimod. Other
variants with type 3 levels of evidence (annotation based on a single
significant result) were found for IFN-B, GA, and rituximab
(Table 2).

Major initiatives are needed to study the genetic variability in the
MS drug response, with the aim of identifying rare variants that affect
safety. To expand the list of biomarkers that can be used in precision
medicine, studies that integrate omics sequencing data with other
epigenetic and metabolomics data are also necessary.

New long-read sequencing technologies may have great potential
to enrich and improve the knowledge of genetic factors that play a role
in variable drug responses (van der Lee et al, 2022) Long-read
sequencing also offers a comprehensive characterization of variants,
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TABLE 3 Main results for epigenomics and trascriptomics

EPIGENOMICS
Method Characterization Gene or main result reported
CD4+ T cells 2014 Graves, M et al,. | methylation arrays Status of disease HLA-DRBI1
CD4+ T cells, CD8+ | 2015 Maltby, V. E. methylation arrays Status of disease different epigenetic profiling of CD8+ T cells and CD4+ T cells
T cells et al.
CD8+ T cells 2015 Bos, S. D. et al. methylation arrays Status of disease hypermethylation in MS respect to controls
CD4+ T cells 2017 Maltby, V. E. methylation arrays Status of disease HLA-DRBI (hypomethylation), HLA-DRB5
et al. (hypermethylation)
PBMC 2016 Kulakova, O. G. | methylation arrays Disease progression different methylation in PPMS than in RRMS
et al.
monocytes 2018 Kular, L. et al. methylation arrays Status of disease HLA-DRBI (DRB1*15:01 )
PBMCs 2020 Souren NY, methylation arrays/ Status of disease and Drug TMEM232, ZBTB16 RSAD2, MXI1, IFI44L and PLSC
(monozygotic twins ) et al. bisulfite sequencing response
Blood 2017 Pinto-Medel, methylation arrays Clinical activity, Drug LINE-1
M.J., et al. response
CD4+ T-cells 2021 Roostaei T. . methylation arrays Status of disease colocalized MS-cis-mQTL effects: rs59655222 rs12478539,
et al. 15438613, rs7731626, rs67111717, rs4896153, rs55858457,
1rs$354033, rs7855251, rs4939490, rs12365699, rs405343,
1rs34947566, rs3809627, rs1077667, rs1465697, rs6032662,
rs2248137, rs760517. colocalized MS-trans-mQTL effects
1rs3809627
CD4+ T-cells 2018 Maltby, V. E. methylation arrays Status of disease methylated genes associated at MS risk:
et al.
SLC44A2, LTBR, CARDI11 e CXCR5
CD4+ T cells 2016 Sanders et al. RNA-seq Disease progression miR-21-5p, -26b-5p, -29b-3p, -142-3p and -155-5p)
Blood 2018 Liguori M. et al. = RNA-seq pediatric MS let-7a-5p, let-7b-5p, miR-25-3p, miR-125a-5p,.miR-942-5p,
miR-221-3p, miR-652-3p, miR-182-5p, miR-185-5p, miR-181a-
5p, miR-320a, miR-99b-5p, miR-148b-3p

TRANSCRIPTOMICS

Characterization

Gene or main result reported

Blood 2020 Ye F et al. Microarray Disease progression (FTHI1, GBP2, MYL6, NCOA4, SRP9
2018 Gafson AR et al RNA-seq Drug response Nrf2 pathway, NFKB pathway
2016 Cordiglieri C et al Gene expression Drug response ITGA2B, ITGB3, CD177, 1G], IL5RA, MMP8, P2RY12, S100B
2014 De Felice et al. RNA-seq Drug response mir-26a-5p
2014 Moreno-Torres I et al. RNA-seq Drug response FOXP3, GPI, and FCRLI and NK bright and plasmablasts
2014 Parnell GP et al. RNA-seq Drug response S6 protein
2014 Hecker M et al. RNA-seq Drug response miR-29 family

including structural and rare variants. In addition, haplotype problems
can be overcome, contributing to improved combinations of variants
implicated in drug efficacy and safety.

Epigenomics
Epigenomics is a depth approach that studies epigenetic

mechanisms at whole genome level - i.e. all those chemical changes
in the DNA that do not make any changes to the nucleotide sequence -
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at whole genome level. Epigenetic changes cooperate with genetic
mechanisms to determine transcriptional activity and, while
somatically heritable, are also reversible and can arise as a
consequence of environmental factors. DNA methylation, histone
modification and microRNA, associated post-transcriptional gene
silencing, are three key epigenetic mechanisms.

Epigenetic contribution to MS susceptibility was already
considered more than a decade ago to explain the low concordance
(25%-30%) of MS in monozygotic twins (Ebers et al., 1986), who
possess a genetic similarity of 100%. Also, the higher MS prevalence in
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women compared to men and the transmission disequilibrium of the
HLADRBI1*15 risk allele from mother to daughter (Chao et al., 2010),
indicates an effect probably mediated by epigenetic mechanisms.

For this reason, numerous epigenetic studies have been conducted,
however, many of these have included a limited number of patients,
sometimes obtaining conflicting results. In this review, we describe
some representative whole-genome epigenetic studies (EWAS), as
reported in Table 3.

Graves, M et al,, indicated DNA methylation association at HLA-
DRBI locus in CD4* T cells related to MS risk (Graves et al., 2014).
Another study found different epigenetic profiling of CD8" T cells and
CD4" T cells in MS patients (Maltby et al., 2015; Kiselev et al., 2022),
and the same authors indicated hypomethylation in CD4" T cells at
HLA-DRB1 and HLA-DRB5 hypermethylation in a MS cohort
(Maltby et al., 2017). Maltby VE and others, in 2018 by means of
an epigenome-wide association analysis of DNA methylation in
CD19" B-lymphocytes from 24 relapsing-remitting MS patients
undergoing various treatments and 24 healthy controls, observed a
large differentially methylated region in the lymphotoxin alpha (LTA)
locus and four other MS-associated genes: SLC44A2, LTBR,
CARDI1 and CXCR5, suggesting that B-cell-specific DNA-
methylation may be associated with MS risk. (Maltby et al., 2018).
Roostaei et al. studing the DNA methylation profiles of primary CD4"
T-cells from MS patients, disclosed a broad map of cis-mQTL (methyl
quantitative trait), and identified 19 M susceptibility loci with
colocalised cis-mQTL effects, such as the TBX6 locus, which also
has an effect in trans. (Roostaei et al., 2021).

Bos S. and others found evidence for DNA hypermethylation in
CD8" T cells of MS patients respect to controls (Bos et al., 2015).
Kulakova, O. G. et al. found differential DNA methylation in
peripheral blood mononuclear cells (PBMC) on relapsing-remitting
MS (RRMS) and primary-progressive MS (PPMS) patients respect
healthy controls, reporting more methylation changes on PPMS than
in RRMS (Kulakova et al., 2016). Another study, which analyzed DNA
methylation in monocytes from MS patients, confirmed the
methylation at the HLA-DRBI1 locus and demonstrated that
homozygous DRB1*15:01 patients showed significantly lower levels
of methylation at the HLA-DRBI locus than heterozygous patients
and non-carriers (Kular et al, 2018). A recent study, examining
methylation in PBMCs of 45 monozygotic twins discordant for
MS, have identified two differentially expressed regions associated
with MS - TMEM232 promoter and ZBTB16 enhancer. Additionally,
differentially methylated regions located in the RSAD2, MX1, IFI44L
and PLSCRI1 genes, which are upregulated in the blood cells of IFN-
treated MS patients, thus indicating biomarkers for monitoring the
effects of IFN treatment in PBMCs (Souren et al., 2019). Pinto-Medel,
M.J., and others found that individuals with high methylation levels of
LINE-1 have an increased risk of MS. Furthermore, treated MS
patients with high levels of LINE-1 methylation showed an
increased risk of clinical activity. The authors also propose global
DNA methylation levels as a possible biomarker for differential
clinical response to IFNP (Pinto-Medel et al., 2017).

Also, many miRNA studies have also been conducted on MS
patients using both peripheral blood and cerebrospinal fluid, but again
these studies often have small sample sizes and lack reproducibility.
However, there are a small number of studies using high-throughput
methods investigating the expression of circulating miRNAs in the
context of the difference in miRNA profile between RRMS and SPMS
subtypes and in drug response.
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Sanders et al. (2016) using next-generation sequencing (NGS) to
profile miRNA expression in CD4" T cells of SPMS patients, identified
42 dysregulated miRNAs. Five of these (miR-21-5p, —26b-5p, —29b-
3p, -142-3p and -155-5p) showed downregulated expression and had
the potential to be used as diagnostic biomarkers of SPMS (Sanders
et al,, 2016). Another study, which used NGS sequencing approach in
pediatric MS patients, identified several significantly upregulated
miRNAs (let-7a-5p, let-7b-5p, miR-25-3p, miR-125a-5p, miR-942-
5p, miR-221-3p, miR-652-3p, miR-182-5p, miR-185-5p, miR-181a-
5p, miR-320a, miR-99b-5p) and one downregulated miRNA (miR-
148b-3p) in pediatric MS patients compared to pediatric controls. The
targets of this dysregulates miRNA are genes linked to immunological
functions (TNESF13B, TLR2, BACH2, KLF4), as well as genes
involved in processes related to autophagy (ATGIL6L1, SORTI,
LAMP2) and ATPase activity (ABCA1, GPX3) (Liguori et al., 2018).

Overall, these studies indicate that several distinct epigenetic
signatures have been detected in different populations of peripheral
immune cells, supporting the hypothesis of the involvement of
epigenetic factors in the development of MS.

Epigenomics can help to unravel complex gene regulatory
interactions, better understand pathogenetic mechanisms and
optimize MS treatment. However, to our knowledge no epigenetic
biomarker is currently in a clinical.

Transcriptomics

Transcriptomics is an approach that allows for the comprehensive
and extensive study of RNA transcripts in a group of cells or a specific
cell. It is based on the use of high-throughput methods such as
and NGS RNA-sequencing (RNA-seq).
Comparison of transcriptomes in selected subgroups (cases and

microarray  analysis
controls, different cell populations, different treatments) enables the
identification of differences in gene expression, so-called gene
expression signatures, which can be used for prognostic and
disease-predictive purposes or to predict responses to drug treatments.

Gene expression signatures have been especially useful in cancer
and have entered clinical practice; e.g., to establish prognoses and
personalize therapy in early breast cancer (Puppe et al., 2020). Several
studies investigating gene expression profiles in the peripheral blood of
MS patients have been published. These identified peripheral gene
signatures associated with both disease and its progression (Ye et al.,
2020) and drug response (Hecker et al., 2013; De Felice et al., 2014;
Moreno-Torres et al., 2014; Parnell et al., 2014; Cordiglieri et al., 2016;
Gafson et al., 2018), as summarized in Table 3, suggesting that gene
signatures have the potential to identify individuals at risk of relapse.
Ye F et al. showed a five-gene signature (FTH1, GBP2, MYL6, NCOA4,
SRP9) used to calculate risk scores to predict individual predicting
relapse-free survival (Ye et al., 2020). Cordiglieri C et al. described a
gene signature, that include ITGA2B, ITGB3, CD177, IGJ, IL5RA,
MMP8, P2RY12, S100p genes, associated with positive response in
RR-MS and drug immunomodulatory effects (Cordiglieri et al., 2016).
The Gafson AR et al. study showed expression changes for genes
involved in Nrf2 pathway activation and NFkB pathway inhibition,
which are associated with the clinical and mid-term response to
dimethylfumarate (DMF) (Gafson et al, 2018). Another study,
which used RNA-seq technology, indicated a different gene
expression signature (FOXP3, GPI, and FCRLI), and distribution
of subpopulations of lymphocytes (NK bright and plasmablasts) in
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MS patients who were responsive to fingolimod compared to non-
responders. The authors proposed a predictive model include that a
combination of cellular, molecular and clinical markers (EDSS and
gender) are possible response biomarkers (Moreno-Torres et al.,
2018). RNA-seq technology has also been used to analyse the
whole blood transcriptome of untreated and IFNP-treated MS
patients (Parnell et al, 2014), indicating a downregulation of
S6 protein in IFNP responders.

De Felice B et al., in their research, showed a significant change in
the expression level of mir-26a-5p at different stages of treatment in
RR responder MS patients treated with INF-B. They hypothesised that
mir-26a-5p might downregulate the expression level of genes related
to glutamate signalling in MS patients treated with INF-p and point to
it as a possible biological marker to predict the identification of INF-f3
responders during therapy, thus reducing ineffective treatments (De
Felice et al, 2014). Another study profiled microRNA (miRNA)
expression changes in response to IFNP and found a specific
downregulation of the miR-29 family (Hecker et al., 2013). Other
miRNA results are reported in the epigenetics sections.

However, many publications are only descriptive and need further
studies with larger numbers of patients to validate the proposed models.
To our knowledge there are no transcriptomic biomarkers validated for
clinical use in MS. RNA-seq studies also provide information on
alternative splicing and give a quantitative assessment of genotype
influence on gene expression (quantitative expression loci: eQTL).
Integration of eQTL, GWAS, and phenotype association data
(PheWAS) is useful for detecting the effects of genetic variants on cis-
and trans-expression levels of genes (Orru et al., 2020) and to indicate
causative genes whose products can be used as therapeutic targets. In MS,
genes that code for a therapeutic target have been detected through the
integration of genomic data, phenotypes, and eQTLs; these include BAFF
(Amezcua, 2022) or CD40, MERTK, and PARP1 (Jacobs et al., 2020). The
same approach can inform the repurposing of existing drugs for new
therapeutic indications. Large expression datasets in different human
tissues are currently made available by the Genotype-Tissue Expression
Project (GTEx); recent publications show that expression data from
specific tissues integrated with other omics data can inform the
prediction of drug side effects (Duffy et al, 2020). A more-detailed
transcriptome characterization, down to the single cell, is now possible
thanks to single-cell technologies (scRNA-seq). This monocellular
technology allows the study of methylation, chromatin, and
proteomics at the same level of resolution. The integration of these
omics data will not only make new drugs available but also improve
prognostic models on disease and drug efficacy and safety.

Proteomics

Proteomics is the branch of biomedical studies that specifically
analyses an organism’s entire protein content, including functions and
interactions. Clinical proteomics analyses the role of proteins as disease
biomarkers; functional proteomics evaluates the role of proteins in
pathological and physiological processes; both are growing fields of
interest in the exploration of complex diseases such as MS (Drabik
et al., 2007). Several technologies are used in proteomic approaches,
including  chromatography-based  techniques,
assay (ELISA),

electrophoresis (Drabik et al.,, 2007). Several biological samples can

enzyme-linked

immunosorbent mass spectrometry, and gel

be examined for quantitative proteomic analysis in neurological
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conditions, including blood, saliva, tears, urine, and other biological
fluids (Sandi et al., 2022); testing limits are linked to the isolated nature
of the CNS, which thereby limits the exploration of MS. Cerebrospinal
fluid (CSF) is of extreme interest, although it is not readily available.
Several attributes of proteomics make it an attractive approach for
exploring MS; for example, evaluating the role of proteins/peptides as
effector molecules in physiological and pathological processes. Several
proteomics studies have been conducted utilizing animal models of
MS, and some studies were performed on human tissue samples
(Sandi et al.,, 2022; Li et al,, 2018). A recent CSF proteomic analysis
of MS patients and neurological controls identified several hundred
proteins (approximately 300) that changed significantly; pathway
analysis associated these with various biological processes including
inflammation, cell adhesion, and the immune response (Kroksveen
et al, 2017). Recently, a study based on serum/plasma samples
established that subjects with pre-symptomatic MS differed from
the control group in the expression of 22 proteins involved in the
complement and coagulation pathways, as well as in lipid transport
(Wallin et al., 2015). Our previous study using quantitative analysis of
salivary peptides in a mass spectrometry-based top-down proteomic
approach found different levels of 23 proteins (subtypes of cystatin,
statherin, antileukoproteinase, and prolactin-inducible protein) that
may distinguish between MS and control groups; the results are
consistent with the inflammatory condition and altered immune
response typical of the pathology (Manconi et al., 2018). In
addition, we observed reduced oxidation of S-type cystatins, which
represented the larger portion of cystatins found in our saliva samples,
highlighting the role of brain oxidative stress and the oxidant/
antioxidant balance in inflammation and neurodegeneration in MS
(Manconi et al., 2018). Regarding the discovery of potential markers of
interest for disease activity, studies have been performed on the blood
and CSF of patients with RRMS forms. Complement C4b increases in
the CSF of active MS (Li et al., 2011). In addition, an increased level of
the complement C4a fragment during relapses was found in the sera of
relapsing patients, with a decrease found in phases of remission (Sawai
et al,, 2010). Another study identified the up- or downregulation of
several proteins related to blood vessel development (protein 14-three
to three, metavinculin, myosin-9, plasminogen, reticulocalbin-2 and-
3, ribonuclease/angiogenin inhibitor 1, annexin A1, tropomyosin, and
Ras-related protein Rap-1A) as potential new markers of active MS
disease. This indicates they have a role in dysregulation of the
blood-brain barrier and, thus, on the migration of activated
leukocytes responsible for the development of demyelinating
lesions of MS (Alexander et al., 2007). Interestingly, Tremlett et al.
previously explored the protein signatures of MS phenotypic groups at
the extremes of progression (benign and aggressive cases of MS),
identifying panels of serum biomarkers of MS progression related to
inflammation, opsonisation, and complement activation (Tremlett
et al, 2015). However, research using proteomic analysis to
discover biomarkers for MS progression is rare, and these data
require further confirmation. Similarly, few studies have explored
the effect of different DMTs on the proteome of patients with MS
intending to identify potential biomarkers that can predict treatment
response. Previously, De Masi et al. assessed the potential of
proteomics for discriminating between IFN-treated patients and
untreated RRMS patients; a down-expression of cortactin and
fibrinogen P chain precursor in the blood samples of the treated
MS group was reported, suggesting a pharmacological response to IFN
(De Masi et al, 2013). In patients exposed to natalizumab, nine
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proteins showed decreasing levels in plasma; phosphatidylethanolamine-
binding protein 1 (PEBP1) and reticulon 3 (RTN3) levels had the most
significant changes, particularly in a group of patients with less
disability progression (Bedri et al., 2019). These findings are very
preliminary and reveal little about the treatment efficacy or the
progressive aspects of the disease.

Metabolomics

Metabolomic research has emerged as a promising approach for
identifying potential biomarkers in complex and heterogeneous diseases
such as MS. Through the detailed analysis of the metabolites detected in a
biological sample, it may be possible to identify a fingerprint of MS. If the
dynamic multi-parametric responses ongoing in an individual at any
given time exhibit metabolites attributable to inflammatory or other
pathways, these may characterize MS status (Cocco et al., 2016). Three
analytical techniques are commonly used in metabolomics: gas
chromatography coupled to mass spectrometry (GC-MS), liquid
chromatography coupled with single-stage mass spectrometry
(LC-MS), and nuclear magnetic resonance (NMR) spectroscopy; the
latter can simultaneously identify multiple metabolites, is exceptionally
reproducible, and has a fast measurement time requiring minimal sample
preparation. Moreover, by combining different analytical techniques with
targeted and untargeted approaches, more expansive and comprehensive
metabolomic investigations of MS can be conducted (Jafari et al., 2021).
Various studies have evaluated biofluids as novel metabolomic
biomarkers, to improve diagnoses, patient stratification, and therapy
choices. The most-investigated biofluids were CSF, blood, and urine; the
latter two in particular because of their easy availability. Conversely, CSF
testing is more invasive, but it is considered the “gold standard” fluid in
MS because it reflects the inflammatory processes of the CNS. These
biofluids contain different metabolites and, for reasons including their
composition and availability, they have different potentials for providing
insight into the diagnosis, disease activity, and progression of MS.

Previously, Reinke et al. used NMR spectroscopy analysis to
investigate a set of CSF metabolites between MS patients and
healthy controls. They found a reduction in 3-hydroxybutyrate,
citrate, phenylalanine, 2-hydroxyisovalerate, and mannose in MS-
derived CSF samples; these metabolites suggest alterations to
energy and phospholipid metabolism (Reinke et al., 2014).

More recently, significant differences in amino and fatty acids in
the CSF of patients with newly diagnosed MS were identified using LC-
MS; in relationship with the inflammatory disease activity, the most
significant changes were observed in levels of arginine, histidine, and
palmitic acid. These findings highlight the importance in MS
pathogenesis of fatty acids, which form part of myelin, and of some
amino acids, and show a close connection to immunological processes
of the disease (Zid¢ et al., 2022). Consistent with these findings, the
analysis of the CSF and the serum of patients with RRMS and the
primary progressive course, which was previously assessed by our
group, allowed the identification of several altered metabolites (lipids,
biogenic amines, and amino acids) involved in various metabolic
activities of interest, including energy metabolism and tryptophan
biosynthesis (Murgia et al., 2020; Herman et al., 2019). Moreover,
pathway analysis indicated the metabolism of glutathione, nitrogen,
glutamine-glutamate, arginine-ornithine, phenylalanine biosynthesis,
tyrosine, and tryptophan as the main discriminants between the two
phenotypic classes (Murgia et al., 2020). Interestingly, some studies
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have focused on the evaluation of metabolomic biomarkers associated
with disease phase and activity (Simone et al., 1996; Lutz et al., 2007;
Kim et al., 2017). Lutz reported a significant relationship between the
CSF lactate concentration and the number of inflammatory MS brain
plaques; the -hydroxyisobutyrate level was related to the presence of
these plaques (Lutz et al., 2007). Similarly, high CSF lactate levels were
found in MS patients during clinical exacerbation and on magnetic
resonance imaging (MRI) of Gd-enhanced plaques by Simone,
suggesting that changes in lactate levels may depend on anaerobic
glycolytic metabolism in activated leukocytes during the inflammatory
phases of MS (Simone et al., 1996). Analogously, metabolic changes
principally related to altered energy metabolism and fatty acid
biosynthesis, with isoleucine and valine being downregulated in MS
relapse compared to MS remission, were described by Kim et al. on
"H-NMR spectra of CSF samples (Kim et al., 2017). Several studies also
evaluated the blood of MS patients to assess its metabolomic signature,
its clinical phenotype, and the disease activity, both using NMR
(Mehrpour et al., 2013; Cocco et al., 2016) and mass spectrometry
(Lazzarino et al, 2017, Lim et al, 2017, Bhargava et al, 2018;
Nourbakhsh et al., 2018; Villoslada et al., 2017; Kasakin et al., 2019;
Stoessel et al., 2018; Fitzgerald et al., 2021; 80; Levi et al., 2021; Singhal
etal, 2018). Using NMR analysis of plasma samples of 73 patients with
MS (therapy-free for at least 90 days) and 88 healthy controls, we
reported lower levels of glucose, 5-OH-tryptophan, and tryptophan,
while the levels of 3-OH-butyrate, acetoacetate, acetone, alanine, and
choline were increased in the MS group (Cocco et al,, 2016). These
findings highlight the importance of energy metabolism and
phospholipid metabolism for MS processes, consistent with the
results of a study that identified the involvement of glucose
metabolism in MS (Mehrpour et al,, 2013). Among the studies with
the largest sample sizes carried out using mass spectrometry, Villoslada
et al. demonstrated a robustness of sphingomyelin and
lysophosphatidylethanolamine for discriminating between healthy
controls and patients with MS; the levels of several other
tryptophan,
acid, and

metabolites (hydrocortisone, glutamic acid,

eicosapentaenoic  acid, '"’S-hydroxyoctadecadienoic

lysophosphatidylcholines) were more associated with disease
severity (Villoslada et al, 2017). Overall, these results point to an
imbalance in MS of the phospholipid and sphingolipid composition of
the serum, as well as changes in several amino acids such as glutamic
acid or tryptophan; these metabolites could be involved in the
activation of the immune system or reflect changes in the CNS
composition due to myelin destruction (Villoslada et al, 2017). A
more extensive study conducted by Fitzgerald identified striking
abnormalities in aromatic amino acid metabolites, with a broad
shift of these toward oxidative pathway metabolites that are also
reported to be strongly associated with MS disability (Fitzgerald
et al, 2021). Also consistent with prior studies, changes in
tryptophan pathway metabolites, with lower circulating levels of
both tryptophan and its endogenous metabolites (e.g., kynurenine)
were described in MS as compared to healthy controls (Fitzgerald et al.,
2021). Consistent with these findings, an NMR urinary metabolic
signature for MS has been recently described, with alterations of
metabolites involved in energy, fatty acid metabolism, and
mitochondrial activity being able to distinguish MS from
neuromyelitis optica-spectrum disorder (Gebregiworgis et al,
2016). As can be seen from the results reported above, findings
vary according to the samples examined (e.g., CSF, plasma, serum,
urine), the patients included in the study (RRMS or progressive MS),
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Lipids Alteration in Multiple Sclerosis

* NN
G el
) N &
e S 2
- # .f\o/\_/\<°//“*c\/\7r<:.
W/K.:\Og/"‘o\/\;‘( .Lro Lo

10.3389/fgene.2023.1076421

Axonal Loss

Demyelination

Inflammatory processes
Arachidonic Acid metabolism

/ Lipid peroxidation

Lipidomics Analysis

O

AN

&8 ;!
Sample N Data @D Data
Collection :> Aquisition Analysis
BIOOd G . . .
CSF Lipids identification

. Tissue
\\_ﬁ\j Cells
\j\l

v )

FIGURE 1

Statistical analysis

Quantification

Workflow of a typical lipidomics experiment:sample preparation, instrumental analysis, data processing, to data interpretation.

and the associations that are being evaluated in regards to disease
activity, level of disability, efc. The question becomes even more
complicated when we investigate the effects of immunotherapies on
the metabolomic profile of MS patients and the associations with
disease activity and treatment response. To date, few studies have
evaluated this aspect. By performing mass spectrometry analysis on
plasma samples, Bhargava et al. showed that DMF treatment alters
lipid metabolism and that changes in fatty acid levels are related to
DMF-induced immunological changes (Bhargava et al, 2017). In
particular, metabolic changes induced by DMF treatment are
related to changes in the absolute counts of lymphocyte and CD8"
T cell subsets; however, these preliminary data cannot yet predict the
effectiveness of DMF therapy (Bhargava et al., 2018). Later, it was
shown that GA influences the metabolic profile of MS subjects,
inducing a reduction of lactate and tyrosine and an increase of
some oxidative phosphorylation markers: citrulline, ornithine, and
tryptophan. This returns the MS metabolic profile to that of healthy
subjects, especially in patients that show a full response to treatment
(Signoriello et al., 2020). Similarly, as reported in our previous study,
IFN-P therapy acts on the MS metabolomic profile, resulting in profiles
similar to those of healthy controls, with acetoacetate, acetone, 3-
hydroxybutyrate, glutamate, and methylmalonate levels significantly
decreasing during treatment, whereas tryptophan levels increase
(Lorefice et al,, 2019b). In addition, differences in the baseline
metabolome between responder and non-responder patients were
found in the levels of lactate, acetone, 3-OH-butyrate, tryptophan,
citrate, lysine, and glucose, indicating that it is potentially possible to
identify the baseline metabolomic profile that predicts a better
2019a).
metabolomics has also been used for predicting the development of

response to treatment (Lorefice et al, Furthermore,

neutralizing anti-drug antibodies in MS patients treated with IFN-p,
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which contributes to predicting the immunogenicity against IFN-f
(Waddington et al., 2020) associated with the loss of treatment efficacy.
Our group previously investigated the ability of metabolomics to
predict DMTs safety, by using the metabolomic approach to
evaluate whether patients who started treatment with fingolimod
had a basal metabolic profile predictive of the subsequent response
to treatment and cardiac complication at the first dose. Differences
were observed in metabolites predominantly involved in the synthesis
and degradation of ketone bodies, glycolysis and gluconeogenesis, and
propanoate metabolism in patients who presented with a cardiac
complication at the first dose; this highlights the potential of this
approach for selecting the best candidates for this therapy (Lorefice
et al,, 2017). Table 4 details the main metabolomic studies performed
on MS patients, also reporting the few studies aimed at evaluating the
effects of DMTs on metabolomic signatures. The main challenge of the
future will be to integrate a metabolomics approach with other omics
sciences to predict the efficacy and safety of various DMTs in the
context of the modern vision of precision medicine.

Lipidomics

Lipids represent an important class of biomolecules involved in
different vital cellular processes (Ziillig et al., 2020). In addition,
several pieces of evidence suggest a significant role played by lipids
in the MS background, as alterations in their metabolism contribute to
MS pathogenesis and to disease severity (Ferreira et al, 2020).
Considering the complexity and heterogeneity of the lipid classes
(lipidome), high-throughput lipidomics analysis is a suitable approach
to evaluate the variation of lipids at a molecular level (Ferreira et al.,
2020). The method of choice for analyzing lipid molecules or massive
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TABLE 4 Summary of metabolomics studies performed on MS patients
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METABOLOMIC CHARACTERIZATION OF MS SUBJECTS

Study Platform Metabolomic characterization
CSF 1996 Simone et al. NMR MS and Non-MS
2007 Lutz et al. NMR CIS and Non-MS
2014 Reinke et al. NMR MS and Non-MS
2017 Kim et al. NMR MS , HC, NMOSD
2019 Herman et al. Mass Spectrometry MS and HC; MS Phenotypes
2020 Murgia F et al. NMR RRMS and PPMS
2022 Zid6 M, et al HPLC MS and HC
SERUM 2013 Mehrpour et al. NMR MS and HC
2017 Lim et al. Mass Spectrometry MS and HC; MS Phenotypes
2017 Lazzarino et al. HPLC MS and HC; MS Phenotypes
2017 Villoslada et al. Mass Spectrometry MS and HC
2018 Nourbakhsh et al. Mass Spectrometry Pediatric MS and HC
2021 Fitzgerald et al. Mass Spectrometry MS and HC; MS Phenotypes
2021 Levi et al. Mass Spectrometry MS and HC
PLASMA 2018 Singhal et al. Mass Spectrometry MS and HC
2018 Bhargava et al. Mass Spectrometry MS and HC
2018 Stoessel et al Mass Spectrometry MS and HC; MS Phenotypes
2019 Kasakin et al. Mass Spectrometry MS and HC
URINE 2016 Gebregiworgis et al. NMR MS, HC, NMOSD
METABOLOMIC FEATURES RELATED TO DMTs
SERUM 2018 Bhargava et al. Mass Spectrometry Dymatilfumarate Exposure
2019 Lorefice et al. NMR Interferon Beta Exposure
2020 Waddington et al. NMR Interferon Beta Immunogenicity
2020 Signoriello et al. NMR Glatiramr Acetate Exposure
2017 Lorefice et al. NMR Fingolimod Safery

assemblies is certainly mass spectrometry (both GC and LC), due to its
sensitivity and specificity (Rustam and Reid, 2018). The workflow of a
typical lipidomics experiment starting to the sample preparation,
instrumental analysis, data processing, to data interpretation is
represented in Figure 1. The most common biological matrices
used for the investigation of the lipidome in MS are serum, plasma
and CSF. Before the instrumental analysis, sample are treated
according to specific protocols which provide: i) the reduction of
the complexity of the sample; ii) discarding unwanted non-lipid
compounds; iii) the enrichment of the analytes of interest (lipids).
Lipids can be considered a hallmark of demyelination and repair as
they are substantially involved in the myelin sheath formation. For
example, myelin sheath of oligodendrocytes contains polyunsaturated
fatty acids (PUFA) and is highly vulnerable to lipid peroxidation, a
dangerous process in MS pathogenesis as it can stimulate apoptotic events
(Ibitoye et al., 2016). Studies have demonstrated that PUFA react with
reactive oxygen species (ROS, products by processes of oxidative stress,
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common feature in MS) generating a cascade of oxidative damage leading
to cell death (Jana and Pahan, 2007). Several studies found increased
levels of lipid peroxidation products and ROS in CSF and plasma of MS
patients (Haider et al, 2011; Ibitoye et al, 2016), together with
mitochondrial damage, this latter often mediated by ceramides (Cer),
another class of lipids (Halmer R et al., 2014).

Lipids are also involved in cell signaling, in communication, and in
transport in the CNS (Pousinis et al., 2020) as well as inflammatory
processes (Reale and Sanxhez-Ramon, 2017). In this regard, the metabolic
pathway of arachidonic acid (AA) is overactivated in the CNS of MS
patients (Palumbo, 2017). AA is a component of the bilayer of cellular
membranes. Elevated concentrations of ROS and cytokines in MS (Rajda
et al, 2017) give rise to its release leading to the production of pro-
inflammatory compounds, such as prostaglandins and leukotrienes, that
are upregulated in this pathology and seem to be involved in the pathogenic
mechanisms of demyelination, axonal pathology and oligodendrocyte loss,
contributing to the development of motor disabilities.
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TABLE 5 Summary of lipidomics studies performed on MS patients

10.3389/fgene.2023.1076421

LIPIDOMICS CHARACTERIZATION OF MS SUBJECTS

Study

Platform Metabolomic characterization

CSF 2014 Vidaurre et al. LC-MS/MS MS and Non-MS
2014 Nogueras et al. LC-MS/MS; GC-MS MS and Non-MS
2014 Pieragostino et al. LC-MS/MS MS and Other Neurological Diseases
SERUM 2011 Boccio et al. LC-MS MS, HC and Other Neurological Diseases
PLASMA 2009 Wilkins et al. LC-MS/MS MS
2018 Kurts et al. LC-MS/MS MS and HC
2021 Ferreira et al. LC-MS MS and HC
Brain tissue (Autopsy material) 2012 van Doorn et al. LC-MS/MS MS and HC
Changes in the lipid homeostasis and metabolism seem to be a ~ PC(36:3) showed significantly higher levels in the same
hallmark of MS. To investigate the lipid profile can contribute to the  pathological ~samples compared to the control class
better understanding of the pathophysiology of the disease (Pousinis ~ (Pieragostino et al, 2018). The involvement of the

et al., 2020). Moreover, this interesting class of compounds can be
considered candidates for biomarkers of different aspects of MS, such
as active and progressive phases of MS or potential target for new
therapeutic approaches (Harlow et al, 2015). A summary of
lipidomics studies performed on MS patients are reported in Table 5.

Previously, Del Boccio et al. through MS combined with LC, found a
noticeably alteration in the lyso-phosphatidylcholine (LPC) and lyso-
phosphatidylethanolamine (LPE) species: more in detail, MS patients
showed reduced levels of LPC (16:0), LPC(18:0) and LPC(18:1), and
increased concentrations of LPE (24:1). A decrease in LPC/PC ratio was
also evidenced, indicating a specific trend in reduced LPC in MS (Del
Boccio et al, 2011).

Later, an interesting study compared firstly the plasma lipidomic
profile of control subjects and MS patients, and then the profile of
patients affected by RRMS considering both the relapsing and the
remitting states. Few PC species discriminated HC from MS: in
particular, plasmalogens PC(P-38:6); PC(P-36:2)/PC(O-36:3); PC(P-
36:4)/PC(O-36:5); PC(P-34:2)/PC(O-34:3); PC(P-36:5) and the diacyl
species PC(34:4); PC(36:6); PC(32:2); PC(36:3); PC(36:5); PC(34:3);
PC(34:2) and PC(38:1) were found decreased in the MS class. Only PC
(38:1) was statistically different between the relapsing RRSM (where it
was found increased) and the remitting RRMS (Ferreira et al,, 2021).

Another study by Kurz J.et al. investigated the plasma sphingolipids
profile of patients affected by SM founding significantly increased levels of
different ceramides such as C16:0-Cer; C16:0-glucosylceramide (GlcCer);
C18:0-LacCer; C18:0-GlcCer; C24:0-Cer; C24:1-Cer and C24:1-GlcCer
and decreased level of C16:0-lactosylceramide (LacCer) (Kurz et al.,
2018). Partially in line with these results, a study performed on CSF
samples of MS patients through targeted LC-MS/MS approach revealed
significantly increased levels of C16:0-Cer; C16:0-monohexosylCer and
C24:0-Cer compared to control subjects.

Untargeted lipidomic analysis on CSF of patients with MS
showed marked reductions of several phosphocholines (PC and
lysoPC, LPC) and sphingomyelins (SM): PC(28:0), PC(28:1),
PC(35:4), PC(36:1), PC(36:8), PC(37:6), LPC(18:1), LPC(20:4),
SM [d18:0/16:1 (9Z) (OH)], SM(d18:1/14:0), SM(d18:1/16:0),
SM(d18:2/20:0), SM(d18:2/22:1) and SM [d18:1/24:1 (15Z)]
compared to the controls. On the other hand, PC (32:2) and
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sphingomyelin pathways may confirm disorders about the
decompaction and destabilization of myelin structure (Jana and
Pahan, 2010). Another study investigated the CSF lipidomic profile
with the non-targeted approach as well, founding a decrease level of
PC(P27:1), PS(40:3) and several triglycerides (TG) such as TG (37:
2), TG (44:5), TG (50:1), TG (52:3), TG (55:5), TG (56:6), TG (57:
4), TG (57:7), TG (58:1), TG (58:3), TG (59:6), TG (60:10), TG (61:
8), TG (61:10), TG (62:8) in MS patients. It was also evidenced
significantly increased concentrations of some fatty acids FA 20:
0 and PC(25:2), PC(42:6), PE (21:0), TG (56:4), TG (57:6), TG (59:
2), TG (63:8), TG (64:10), and some diglycerides DG (18:3), DG
(32:2), DG (36:6), DG (38:6), DG (39:2), DG (42:5) (Nogueras et al.,
2019).

The importance of the sphingomyelins in the MS disease was also
proved by van Doorn et al. who investigated the effect of the sphingosine-
1 receptor agonist, fingolimod, on sphingomyelin metabolism in active
MS lesions. In the pathological context, astrocytes isolated from MS
lesions expressed greater mRNA levels of the enzyme responsible for the
enzyme
sphingomyelinase (ASM)) compared to astrocytes from control white
matter. Interestingly, after the incubation of astrocytes with fingolimod, a
reduction in ceramide production and mRNA expression of ASM was
found (van Doorn et al.,, 2012).

The strength of the lipidomic analysis performed on CSF samples

ceramides  production  (ceramide-producing acid

is that this biofluid is in direct contact with the CNS and can precisely
reflects its changes related to pathological disfunctions (Vidaurre et al.,
2014). CSF represents a great source of information but, on the other
hand, it is often not possible to take it from healthy subjects for ethical
reasons. Thus, limitations of the studies involved CSF are often related
to the need for a direct comparison between MS and controls.

The studies previously investigated suggest specific alterations in
MS lipid homeostasis and metabolism, which can be assessed through
the serum/plasma/CSF lipidomic analysis. Despite the promising
results obtained by the reviewed studies, some evidence did not
find substantial differences between the plasma lipid profile of MS
patients and controls (Wilkins et al., 2009).

More in general, lipidomic represents a valid tool to explore
pathophysiological aspects still unclear in the MS scenario but
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considering the complexity of the “lipid sea” the biological
interpretation of the results represents the best challenge. In this
light, further studies are desirable to optimize the experimental process
and to characterize MS lipid profile and metabolism.

Multi-omics data integration

Access to large-scale omics datasets (genomics, transcriptomics,
proteomics, metabolomics, and others) has revolutionized biology and
led to the development of systems approaches to improvement our
understanding of biological processes, including in MS (Misra et al.,
2018). In this context, the integration of omics data is one of the main
challenges in the era of precision medicine, in particular in complex
disease like MS. Analyzing strengths and limitations of different omics
approaches, if on one hand the interpretation of genome and
transcriptome data in the context of biological function and
phenotype is problematic (Lappalainen et al, 2013), on the other
side combining data from proteomics and metabolomics with
genomics and transcriptomics facilitate to overcome this limitation
by providing molecular information that links genetic and epigenetic
variation with phenotypic presentations. Beyond this, the limitations
due to proteome and metabolome quantification, variability in sample
handling, platform used, interindividual heterogeneity of different
molecules quantification deserve to be mentioned (Spicer et al.,
2017). Supplemental materials details aim, samples and analytical
techniques of proteomics, metabolomics and lipidomics. The main
challenge for integrating different omics datasets is to discern the
true biological signal in the large number of observations per
sample. Indeed, a genome typically includes millions of variants, a
transcriptome a few thousand molecules, a transcriptome about
2000 molecules, and proteomes and metabolomes include thousands
of quantified molecules (Misra et al., 2018)). This makes the omics
experiment a computationally complex process, in which extracting
meaningful correlations and true interactions is a difficult goal. Omics
datasets closest to the genotype (genomics and transcriptomics) and
those closest to the phenotype (proteomics and metabolomics) are
integrated using statistical or advanced machine learning approaches,
for a multi-omics view (Libbrecht & Noble 2015). In this way, machine-
learning approaches, which represents a subfield of artificial intelligence
and includes various algorithms to create an accurate model for
predicting sample outputs, help clustering, association with disease
measures and prediction of disease evolution (Li et al., 2016). To date,
only a few studies have investigated the combined-omics approaches
and the methods of integrating omics data still need to be further
improved, to better distinguish predictive biomarkers. Previously, some
studies have used comprehensive omics measurements, followed by
integrated omics analysis to describe molecular variation in specific
cancer types (Jiang et al., 2016; Kamoun et al., 2016). Later, by using
both label-free and targeted proteomics, lipidomics, and metabolomics
followed by data integration in human serum samples, a model on the
reprogramming of organ functions induced by metastatic melanoma
has been proposed (Muqaku et al., 2017), revealing novel insights into
the basic biology of this disease. Looking to autoimmune diseases, a
longitudinal study of the drug response at multi-omics levels was
recently performed using the peripheral blood of patients with
rheumatoid arthritis, and shown how an integrative analysis
combining data from different molecular classes and detailed clinical
parameters can lead to a better understanding of the molecular and
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cellular systems associated with drug treatment and disease severity
(Tasaki et al., 2018). Similarly, the multi-omics approach can lead to the
understanding of drug response in MS, as well as the mechanisms
underlying its pathogenesis and evolution. Therefore, the future
challenge is to integrate the different omics approaches into more
despite of
integration data, in order to discern biomarkers of significance for

composite models, several issues and limitations

MS from random noise of biological system (Misra et al., 2018).

Conclusion

According to the modern vision of precision medicine, the
challenge of the future will be to use integrative analytical
approaches that combine clinical characteristics, MRI variables, and
information from different omics approaches (genomics,
epigenomics, transcriptomics, proteomics, and metabolomics) to
improve the management of MS (Zagon and McLaughlin, 2017).
Notoriously, the heterogeneity and biological complexity of MS may
make the identification of a single biomarker difficult; thus, the
combination of different types of data obtained from the omics
approaches, using advanced computational methods and predictive
models, can help maximize the predictive power of these biomarkers.
Omics approaches can serve to distinguish among the subtypes of MS
and identify when the disease changes and becomes progressive, with
the objectives of better identifying the patients that can be
the the

treatment efficacy and safety, and optimizing the allocation of

administered various immunotherapies, predicting

resources and the therapeutic path.

Author contributions

All authors listed have made a substantial, direct, and intellectual
contribution to the work and approved it for publication.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fgene.2023.1076421/
full#supplementary-material

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2023.1076421/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2023.1076421/full#supplementary-material
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1076421

Lorefice et al.

References

Alexander, J. S., Minagar, A., Harper, M., Robinson-Jackson, S., Jennings, M., and Smith,
S.J. (2007). Proteomic analysis of human cerebral endothelial cells activated by multiple
sclerosis serum and IFNbeta-1b. J. Mol. Neurosci. 32 (3), 169-178. doi:10.1007/s12031-
007-0018-3

Amezcua, L. (2022). Progressive multiple sclerosis. Contin. (Minneap Minn) 28 (4),
1083-1103. doi:10.1212/con.0000000000001157

Andlauer, T. F., Buck, D., Antony, G., Bayas, A., Bechmann, L., Berthele, A, et al. (2016).
Novel multiple sclerosis susceptibility loci implicated in epigenetic regulation. Sci. Adv. 2,
€1501678. doi:10.1126/sciadv.1501678

Andlauer, T. F. M,, Link, J., Martin, D., Ryner, M., Hermanrud, C., Grummel, V., et al.
(2020). Treatment- and population-specific genetic risk factors for anti-drug antibodies
against interferon-beta: A GWAS. BMC Med. 18 (1), 298. doi:10.1186/s12916-020-
01769-6

Baranzini, S. E. (2006). Systems-based medicine approaches to understand and treat
complex diseases. The example of multiple sclerosis. Autoimmunity 39 (8), 651-662.
doi:10.1080/08916930601061686

Bedri, S. K, Nilsson, O. B,, Fink, K., Manberg, A., Hamsten, C., Ayoglu, B., et al. (2019).
Plasma protein profiling reveals candidate biomarkers for multiple sclerosis treatment.
PLoS One 14 (5), €0217208. doi:10.1371/journal.pone.0217208

Beecham, A. H., Patsopoulos, N. A., Xifara, D. K., Davis, M. F., Kemppinen, A.,
Cotsapas, C., et al. (2013). Analysis of immune-related loci identifies 48 new
susceptibility variants for multiple sclerosis. Nat. Genet. 45(11), 1353-1360. doi:10.
1038/ng.2770

Bhargava, P., Fitzgerald, K. C., Calabresi, P. A., and Mowry, E. M. (2017). Metabolic
alterations in multiple sclerosis and the impact of vitamin D supplementation. JCI Insight 2
(19), €95302. doi:10.1172/jci.insight.95302

Bhargava, P., Fitzgerald, K. C., Venkata, S. L. V., Smith, M. D., Kornberg, M. D., Mowry,
E. M., et al. (2018). Dimethyl fumarate treatment induces lipid metabolism alterations that
are linked to immunological changes. Ann. Clin. Transl. Neurol. 6 (1), 33-45. doi:10.1002/
acn3.676

Bos, S. D., Page, C. M., Andreassen, B. K., Elboudwarej, E., Gustavsen, M. W., Briggs, F.,
et al. (2015). Genome-wide DNA methylation profiles indicate CD8+ T cell
hypermethylation in multiple sclerosis. PLoS One 10 (3), e0117403. doi:10.1371/
journal.pone.0117403

Carter, N. J,, and Keating, G. M. (2010). Glatiramer acetate: A review of its use in
relapsing-remitting multiple sclerosis and in delaying the onset of clinically definite
multiple sclerosis. Drugs 70 (12), 1545-1577. doi:10.2165/11204560-000000000-
00000

Chao, M. J., Herrera, B. M., Ramagopalan, S. V., Deluca, G., Handunetthi, L., Orton, S.
M, et al. (2010). Parent-of-origin effects at the major histocompatibility complex in
multiple sclerosis. Hum. Mol. Genet. 19 (18), 3679-3689. doi:10.1093/hmg/ddq282

Cocco, E., Sardu, C., Spinicci, G., Musu, L., Massa, R., Frau, J., et al. (2015). Influence of
treatments in multiple sclerosis disability: A cohort study. Mult. Scler. 21 (4), 433-441.
doi:10.1177/1352458514546788

Cocco, E., Murgia, F., Lorefice, L., Barberini, L., Poddighe, S., Frau, J., et al. (2016).
(1)H-NMR analysis provides a metabolomic profile of patients with multiple
sclerosis. Neurol. Neuroimmunol. Neuroinflamm 3, el185. doi:10.1212/NXI.
0000000000000185

Cook, D., Brown, D., Alexander, R,, March, R., Morgan, P., Satterthwaite, G., et al.
(2014). Lessons learned from the fate of AstraZeneca’s drug pipeline: A five-dimensional
framework. Nat. Rev. Drug Discov. 13 (6), 419-431. doi:10.1038/nrd4309

Cordiglieri, C., Baggi, F., Bernasconi, P., Kapetis, D., Faggiani, E., Consonni, A., et al.
(2016). Identification of a gene expression signature in peripheral blood of multiple
sclerosis patients treated with disease-modifying therapies. Clin. Immunol. 173, 133-146.
doi:10.1016/j.clim.2016.10.002

De Felice, B., Mondola, P., Sasso, A., Orefice, G., Bresciamorra, V., Vacca, G., et al.
(2014). Small non-coding RNA signature in multiple sclerosis patients after treatment with
interferon-B. BMC Med. Genomics 7, 26. doi:10.1186/1755-8794-7-26

De Jager, P. L., Chibnik, L. B, Cui, J., Reischl, J., Lehr, S., Simon, K. C,, et al. (2009).
Integration of genetic risk factors into a clinical algorithm for multiple sclerosis
susceptibility: A weighted genetic risk score. Lancet Neurol. 8, 1111-1119. doi:10.1016/
S1474-4422(09)70275-3

De Masi, R, Pasca, S., Scarpello, R., Idolo, A., and De Donno, A. (2013). The clinical
potential of blood-proteomics in multiple sclerosis. BMC Neurol. 13,45. doi:10.1186/1471-
2377-13-45

Del Boccio, P., Pieragostino, D., Di Ioia, M., Petrucci, F., Lugaresi, A., De Luca, G., et al.
(2011). Lipidomic investigations for the characterization of circulating serum lipids in
multiple sclerosis. J. Proteomics 74 (12), 2826-2836. doi:10.1016/.jprot.2011.06.023

Drabik, A., Bierczynska-Krzysik, A., Bodzon-Kulakowska, A., Suder, P., Kotlinska, J.,
and Silberring, J. (2007). Proteomics in neurosciences. Mass Spectrom. Rev. 26 (3),
432-450. doi:10.1002/mas.20131

Dufty, A., Verbanck, M., Dobbyn, A., Won, H. H., Rein, J. L., Forrest, L. S., et al. (2020).
Tissue-specific genetic features inform prediction of drug side effects in clinical trials. Sci.
Adv. 6 (37), eabb6242. doi:10.1126/sciadv.abb6242

Frontiers in Genetics

13

10.3389/fgene.2023.1076421

Ebers, G. C,, Bulman, D. E,, Sadovnick, A. D., Paty, D. W, Warren, S., Hader, W,, et al.
(1986). A population-based study of multiple sclerosis in twins. N. Engl. J. Med. 315 (26),
1638-1642. doi:10.1056/NEJM198612253152603

Faissner, S., and Gold, R. (2022). Efficacy and safety of multiple sclerosis drugs approved
since 2018 and future developments. CNS Drugs 36 (8), 803-817. doi:10.1007/540263-022-
00939-9

Ferreira, H. B., Neves, B., Guerra, 1. M., Moreira, A., Melo, T., Paiva, A., et al. (2020). An
overview of lipidomic analysis in different human matrices of multiple sclerosis. Mult.
Scler. Relat. Disord. 44, 102189. doi:10.1016/j.msard.2020.102189

Ferreira, H. B., Melo, T., Monteiro, A., Paiva, A., Domingues, P., and Domingues, M. R.
(2021). Serum phospholipidomics reveals altered lipid profile and promising biomarkers
in multiple sclerosis. Arch. Biochem. Biophys. 697, 108672. d0i:10.1016/j.abb.2020.108672

Filippi, M., Preziosa, P., and Rocca, M. A. (2016). Multiple sclerosis. Handb. Clin.
Neurol. 135, 399-423. doi:10.1016/B978-0-444-53485-9.00020-9

Filippi, M., Preziosa, P., Langdon, D., Lassmann, H., Paul, F., Rovira, A., et al. (2020).
Identifying progression in multiple sclerosis: New perspectives. Ann. Neurol. 88 (3),
438-452. doi:10.1002/ana.25808

Fitzgerald, K. C., Smith, M. D., Kim, S., Sotirchos, E. S., Kornberg, M. D., Douglas, M.,
et al. (2021). Multi-omic evaluation of metabolic alterations in multiple sclerosis identifies
shifts in aromatic amino acid metabolism. Cell. Rep. Med. 2 (10), 100424. doi:10.1016/j.
xcrm.2021.100424

Floris, M., Olla, S., Schlessinger, D., and Cucca, F. (2018). Genetic-driven druggable
target identification and validation. Trends Genet. 34 (7), 558-570. doi:10.1016/j.tig.2018.
04.004

Gafson, A. R., Kim, K., Cencioni, M. T., van Hecke, W., Nicholas, R., Baranzini, S. E.,
et al. (2018). Mononuclear cell transcriptome changes associated with dimethyl fumarate
in MS. Neurol. Neuroimmunol. Neuroinflamm 5 (4), e470. doi:10.1212/NXI.
0000000000000470

Gebregiworgis, T., Nielsen, H. H., Massilamany, C., Gangaplara, A., Reddy, J., Illes, Z.,
etal. (2016). A urinary metabolic signature for multiple sclerosis and neuromyelitis optica.
J. Proteome Res. 15 (2), 659-666. doi:10.1021/acs.jproteome.5b01111

Giambartolomei, C., Vukcevic, D., Schadt, E. E.,, Franke, L., Hingorani, A. D., Wallace,
C., etal. (2014). Bayesian test for colocalisation between pairs of genetic association studies
using summary statistics. PLoS Genet. 10 (5), e1004383. doi:10.1371/journal.pgen.1004383

Graves, M. C., Benton, M., Lea, R. A,, BoyleM.Tajouri, L., Macartney-Coxson, D., et al.
(2014). Methylation differences at the HLA-DRBI locus in CD4+ T-Cells are associated
with multiple sclerosis. Mult. Scler. 20 (8), 1033-1041. doi:10.1177/1352458513516529

Hafler, D. A., Compston, A., Sawcer, S., Lander, E. S,, Daly, M. ], De Jager, P. L., et al.
(2007). Risk alleles for multiple sclerosis identified by a genomewide study. N. Engl. J. Med.
357(9), 851-862. doi:10.1056/NEJM0a073493

Haider, L., Fischer, M. T., Frischer, J. M., Bauer, J., Hoftberger, R., Botond, G., et al.
(2011). Oxidative damage in multiple sclerosis lesions. Brain 134 (7), 1914-1924. doi:10.
1093/brain/awr128

Halmer, R., Walter, S., and Faflbender, K. (2014). Sphingolipids: Important players in
multiple sclerosis. Cell. Physiol. Biochem. 34 (1), 111-118. doi:10.1159/000362988

Harlow, D. E,, Honce, J. M., and Miravalle, A. A. (2015). Remyelination therapy in
multiple sclerosis. Front. Neurol. 6, 257. doi:10.3389/fneur.2015.00257

Hecker, M., Thamilarasan, M., Koczan, D., Schroder, 1., Flechtner, K., Freiesleben, S.,
et al. (2013). MicroRNA expression changes during interferon-beta treatment in the
peripheral blood of multiple sclerosis patients. Int. J. Mol. Sci. 14 (8), 16087-16110. doi:10.
3390/ijms140816087

Herman, S., Akerfeldt, T., Spjuth, O., Burman, J., and Kultima, K. (2019). Biochemical
differences in cerebrospinal fluid between secondary progressive and RelapsingRemitting
multiple sclerosis. Cells 8, 84. doi:10.3390/cells8020084

Ibitoye, R., Kemp, K., Rice, C., Hares, K., and Scolding, N. (2016). Oxidative stress-
related biomarkers in multiple sclerosis: A review. Biomark. Med. 10, 889-902. doi:10.
2217/bmm-2016-0097

International Multiple Sclerosis Genetics Consortium (2019a). Author correction: A systems
biology approach uncovers cell-specific gene regulatory effects of genetic associations in
multiple sclerosis. Nat. Commun. 10 (1), 2956. doi:10.1038/s41467-019-10951-1

International Multiple Sclerosis Genetics Consortium (2019b). Multiple sclerosis
genomic map implicates peripheral immune cells and microglia in susceptibility.
Science 365 (6460), eaav7188. doi:10.1126/science.aav7188

Jacobs, B. M., Taylor, T., Awad, A., Baker, D., Giovanonni, G., Noyce, A. ], et al.
(2020). Summary-data-based Mendelian randomization prioritizes potential
druggable targets for multiple sclerosis. Brain Commun. 2 (2), fcaall9. doi:10.
1093/braincomms/fcaal19

Jafari, A., Babajani, A., and Rezaei-Tavirani, M. (2021). Multiple sclerosis biomarker
discoveries by proteomics and metabolomics approaches. Biomark. Insights 16,
11772719211013352. doi:10.1177/11772719211013352

Jana, A., and Pahan, K. (2007). Oxidative stress kills human primary oligodendrocytes
via neutral sphingomyelinase: Implications for multiple sclerosis. J. Neuroimmune
Pharmacol. 2 (2), 184-193. doi:10.1007/5s11481-007-9066-2

frontiersin.org


https://doi.org/10.1007/s12031-007-0018-3
https://doi.org/10.1007/s12031-007-0018-3
https://doi.org/10.1212/con.0000000000001157
https://doi.org/10.1126/sciadv.1501678
https://doi.org/10.1186/s12916-020-01769-6
https://doi.org/10.1186/s12916-020-01769-6
https://doi.org/10.1080/08916930601061686
https://doi.org/10.1371/journal.pone.0217208
https://doi.org/10.1038/ng.2770
https://doi.org/10.1038/ng.2770
https://doi.org/10.1172/jci.insight.95302
https://doi.org/10.1002/acn3.676
https://doi.org/10.1002/acn3.676
https://doi.org/10.1371/journal.pone.0117403
https://doi.org/10.1371/journal.pone.0117403
https://doi.org/10.2165/11204560-000000000-00000
https://doi.org/10.2165/11204560-000000000-00000
https://doi.org/10.1093/hmg/ddq282
https://doi.org/10.1177/1352458514546788
https://doi.org/10.1212/NXI.0000000000000185
https://doi.org/10.1212/NXI.0000000000000185
https://doi.org/10.1038/nrd4309
https://doi.org/10.1016/j.clim.2016.10.002
https://doi.org/10.1186/1755-8794-7-26
https://doi.org/10.1016/S1474-4422(09)70275-3
https://doi.org/10.1016/S1474-4422(09)70275-3
https://doi.org/10.1186/1471-2377-13-45
https://doi.org/10.1186/1471-2377-13-45
https://doi.org/10.1016/j.jprot.2011.06.023
https://doi.org/10.1002/mas.20131
https://doi.org/10.1126/sciadv.abb6242
https://doi.org/10.1056/NEJM198612253152603
https://doi.org/10.1007/s40263-022-00939-9
https://doi.org/10.1007/s40263-022-00939-9
https://doi.org/10.1016/j.msard.2020.102189
https://doi.org/10.1016/j.abb.2020.108672
https://doi.org/10.1016/B978-0-444-53485-9.00020-9
https://doi.org/10.1002/ana.25808
https://doi.org/10.1016/j.xcrm.2021.100424
https://doi.org/10.1016/j.xcrm.2021.100424
https://doi.org/10.1016/j.tig.2018.04.004
https://doi.org/10.1016/j.tig.2018.04.004
https://doi.org/10.1212/NXI.0000000000000470
https://doi.org/10.1212/NXI.0000000000000470
https://doi.org/10.1021/acs.jproteome.5b01111
https://doi.org/10.1371/journal.pgen.1004383
https://doi.org/10.1177/1352458513516529
https://doi.org/10.1056/NEJMoa073493
https://doi.org/10.1093/brain/awr128
https://doi.org/10.1093/brain/awr128
https://doi.org/10.1159/000362988
https://doi.org/10.3389/fneur.2015.00257
https://doi.org/10.3390/ijms140816087
https://doi.org/10.3390/ijms140816087
https://doi.org/10.3390/cells8020084
https://doi.org/10.2217/bmm-2016-0097
https://doi.org/10.2217/bmm-2016-0097
https://doi.org/10.1038/s41467-019-10951-1
https://doi.org/10.1126/science.aav7188
https://doi.org/10.1093/braincomms/fcaa119
https://doi.org/10.1093/braincomms/fcaa119
https://doi.org/10.1177/11772719211013352
https://doi.org/10.1007/s11481-007-9066-2
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1076421

Lorefice et al.

Jana, A., and Pahan, K. (2010). Sphingolipids in multiple sclerosis. Neuromolecular Med.
12 (4), 351-361. doi:10.1007/s12017-010-8128-4

Jiang, Y., Shi, X., Zhao, Q., Krauthammer, M., Rothberg, B. E., and Ma, S. (2016).
Integrated analysis of multidimensional omics data on cutaneous melanoma prognosis.
Genomics 107, 223-230. doi:10.1016/j.ygeno.2016.04.005

Kamoun, A., Idbaih, A., Dehais, C., Elarouci, N., Carpentier, C., Letouze, E., et al.
(2016). Integrated multi-omics analysis of oligodendroglial tumours identifies three
subgroups of 1p/19q co-deleted gliomas. Nat. Commun. 7, 11263. doi:10.1038/
ncomms11263

Kasakin, M. F., Rogachev, A. D., Predtechenskaya, E. V., Zaigraev, V.., Koval, V. V., and
Pokrovsky, A. G. (2019). Targeted metabolomics approach for identification of relapsing-
remitting multiple sclerosis markers and evaluation of diagnostic models. Medchemcomm
10 (10), 1803-1809. doi:10.1039/c9md00253g

Khera, A. V., Chaffin, M., Aragam, K. G., Haas, M. E,, Roselli, C., Choi, S. H,, et al. (2018).
Genome-wide polygenic scores for common diseases identify individuals with risk equivalent to
monogenic mutations. Nat. Genet. 8, 1219-1224. doi:10.1038/541588-018-0183-z

Kim, H. H,, Jeong, I. H,, Hyun, J. S., Kong, B. S., and Park, S. J. (2017). Metabolomic
profiling of CSF in multiple sclerosis and neuromyelitis optica spectrum disorder by
nuclear magnetic resonance. PLoS One 12 (7), e0181758. doi:10.1371/journal.pone.
0181758

Kiselev, I, Danilova, L., Baulina, N., Baturina, O., Kabilov, M., Boyko, A., et al. (2022).
Genome-wide DNA methylation profiling identifies epigenetic changes in CD4+ and
CD14+ cells of multiple sclerosis patients. Mult. Scler. Relat. Disord. 60, 103714. doi:10.
1016/j.msard.2022.103714

Kroksveen, A. C.,, Guldbrandsen, A., Vaudel, M., Lereim, R. R,, Barsnes, H., Myhr, K. M.,
et al. (2017). In-depth cerebrospinal fluid quantitative proteome and deglycoproteome
analysis: Presenting a comprehensive picture of pathways and processes affected by
multiple sclerosis. . Proteome Res. 16 (1), 179-194. doi:10.1021/acs.jproteome.6b00659

Kulakova, O. G., Kabilov, M. R, Danilova, L. V., Popova, E. V., Baturina, O. A., Tsareva,
E. Y, et al. (2016). Whole-genome DNA methylation analysis of peripheral blood
mononuclear cells in multiple sclerosis patients with different disease courses. Acta
Naturae 8 (3), 103-110. doi:10.32607/20758251-2016-8-3-103-110

Kular, L., Liu, Y., Ruhrmann, S., Zheleznyakova, G., Marabita, F., Gomez-Cabrero, D.,
etal. (2018). DNA methylation as a mediator of HLA-DRB1%15:01 and a protective variant
in multiple sclerosis. Nat. Commun. 9 (1), 2397. doi:10.1038/s41467-018-04732-5

Kurz, J., Brunkhorst, R., Foerch, C., Blum, L., Henke, M., Gabriel, L., et al. (2018). The
relevance of ceramides and their synthesizing enzymes for multiple sclerosis. Clin. Sci.
(Lond). 132 (17), 1963-1976. doi:10.1042/CS20180506

Lambert, S. A., Abraham, G., and Inouye, M. (2019). Towards clinical utility of polygenic
risk scores. Hum. Mol. Genet. 28 (R2), R133-R142. doi:10.1093/hmg/ddz187

Lappalainen, T., Sammeth, M., Friedlinder, M. R., ’t Hoen, P. A. C.,, Monlong, J., Rivas,
M. A, et al. (2013). Transcriptome and genome sequencing uncovers functional variation
in humans. Nature 501 (7468), 506-511. doi:10.1038/nature12531

Lazzarino, G., Amorini, A. M., Petzold, A., Gasperini, C., Ruggieri, S., Quartuccio, M. E.,
etal. (2017). Serum compounds of energy metabolism impairment are related to disability,
disease course and neuroimaging in multiple sclerosis. Mol. Neurobiol. 54, 7520-7533.
doi:10.1007/s12035-016-0257-9

Levi, I, Gurevich, M., Perlman, G., Magalashvili, D., Menascu, S., Bar, N, et al. (2021).
Potential role of indolelactate and butyrate in multiple sclerosis revealed by integrated
microbiome-metabolome analysis. Cell. Rep. Med. 2 (4), 100246. doi:10.1016/j.xcrm.2021.
100246

Li, Y., Qin, Z., Yang, M, Lin, C, and Liu, S. (2011). Differential expression of
complement proteins in cerebrospinal fluid from active multiple sclerosis patients.
J. Cell. Biochem. 112 (7), 1930-1937. doi:10.1002/jcb.23113

Li, Y., Wu, F. X,, and Ngom, A. (2018). A review on machine learning principles for
multi-view biological data integration. Brief. Bioinform 19 (2), 325-340. doi:10.1093/bib/
bbwl13

Libbrecht, M. W., Noble, W. S., et al. (2015). Machine learning applications in genetics
and genomics. Nat. Rev. Genet. 16 (6), 321-332. doi:10.1038/nrg3920

Liguori, M., Nuzziello, N., Licciulli, F., Consiglio, A., Simone, M., Viterbo, R. G., et al.
(2018). Combined microRNA and mRNA expression analysis in pediatric multiple
sclerosis: An integrated approach to uncover novel pathogenic mechanisms of the
disease. Hum. Mol. Genet. 27 (1), 66-79. doi:10.1093/hmg/ddx385

Lim, C. K,, Bilgin, A., Lovejoy, D. B,, Tan, V., Bustamante, S., Taylor, B. V., et al. (2017).
Kynurenine pathway metabolomics predicts and provides mechanistic insight into
multiple sclerosis progression. Sci. Rep. 7, 41473. doi:10.1038/srep41473

Lorefice, L., Murgia, F.,, Fenu, G., Frau, J., Coghe, G., Poddighe, S., et al. (2017). A

metabolomic study of MS patients treated with fingolimod by high resolution NMR.
P1132. Multiple Scler. ]. 23 (S3), 427-679.

Lorefice, L., Fenu, G., Sardu, C,, Frau, J., Coghe, G., Costa, G., et al. (2019a). Multiple
sclerosis and HLA genotypes: A possible influence on brain atrophy. Mult. Scler. 25 (1),
23-30. doi:10.1177/1352458517739989

Lorefice, L., Murgia, F., Fenu, G., Frau, J., Coghe, G., Murru, M. R, et al. (2019b).
Assessing the metabolomic profile of multiple sclerosis patients treated with interferon

beta 1a by "H-NMR spectroscopy. Neurotherapeutics 16 (3), 797-807. doi:10.1007/s13311-
019-00721-8

Frontiers in Genetics

10.3389/fgene.2023.1076421

Lublin, F. D., Haring, D. A., Ganjgahi, H., Ocampo, A., Hatami, F., Cuklina, J., et al.
(2022). How patients with multiple sclerosis acquire disability. Brain 145, 3147-3161.
doi:10.1093/brain/awac016

Lutz, N. W, Viola, A., Malikova, I, Confort-Gouny, S., Audoin, B., Ranjeva, J. P., et al.
(2007). Inflammatory multiple-sclerosis plaques generate characteristic metabolic profiles
in cerebrospinal fluid. PLoS One 2 (7), €595. doi:10.1371/journal.pone.0000595

Mahurkar, S., Moldovan, M., Suppiah, V., SorosinaM.ClarelliF.Liberatore, G., et al.
(2017). Response to interferon-beta treatment in multiple sclerosis patients: A genome-
wide association study. Pharmacogenomics J. 17 (4), 312-318. doi:10.1038/tp;j.2016.20

Maltby, V. E., Graves, M. C,, Lea, R. A,, Benton, M. C,, Sanders, K. A, Tajouri, L., et al.
(2015). Genome-wide DNA methylation profiling of CD8+ T cells shows a distinct
epigenetic signature to CD4+ T cells in multiple sclerosis patients. Clin. Epigenetics 7, 118.
doi:10.1186/s13148-015-0152-7

Maltby, V. E,, Lea, R. A., Sanders, K. A., White, N., Benton, M. C,, Scott, R. ], et al. (2017).
Differential methylation at MHC in CD4+ T cells is associated with multiple sclerosis
independently of HLA-DRBI. Clin. Epigenetics 9, 71. doi:10.1186/s13148-017-0371-1

Maltby, V. E,, Lea, R. A,, Graves, M. C,, Sanders, K. A, Benton, M. C,, Tajouri, L., et al.
(2018). Genome-wide DNA methylation changes in CD19" B cells from relapsing-
remitting multiple sclerosis patients. Sci. Rep. 8, 17418. doi:10.1038/541598-018-35603-0

Manconi, B., Liori, B., Cabras, T., Vincenzoni, F., Iavarone, F., Lorefice, L., et al. (2018).
Top-down proteomic profiling of human saliva in multiple sclerosis patients. J. Proteomics
187, 212-222. doi:10.1016/j.jprot.2018.07.019

Margoni, M., Preziosa, P., Rocca, M. A, and Filippi, M. (2022). Pediatric multiple
sclerosis: Developments in timely diagnosis and prognostication. Expert Rev. Neurother.
22 (5), 393-403. doi:10.1080/14737175.2022.2064743

Mehrpour, M., Kyani, A., Tafazzoli, M., Fathi, F., and Joghataie, M. T. (2013). A
metabonomics investigation of multiple sclerosis by nuclear magnetic resonance. Magn.
Reson Chem. 51, 102-109. doi:10.1002/mrc.3915

Misra, B. B., Langefeld, C. D., Olivier, M., and Cox, L. A. (2018). Integrated omics: Tools,
advances, and future approaches. J. Mol. Endocrinol. 62, R21-R45. JME-18-0055. doi:10.
1530/JME-18-0055

Moreno-Torres, 1., Gonzalez-Garcia, C., Marconi, M., Garcia-Grande, A., Rodriguez-
Esparragoza, L., Elvira, V., et al. (2018). Immunophenotype and transcriptome profile of
patients with multiple sclerosis treated with fingolimod: Setting up a model for prediction
of response in a 2-year translational study. Front. Immunol. 9, 1693. doi:10.3389/fimmu.
2018.01693

Mugqaku, B., Eisinger, M., Meier, S. M., Tahir, A., Pukrop, T, Haferkamp, S., etal. (2017).
Multi-omics analysis of serum samples demonstrates reprogramming of organ functions
via systemic calcium mobilization and platelet activation in metastatic melanoma. Mol.
Cell. Proteomics 16 (1), 86-99. doi:10.1074/mcp.M116.063313

Murgia, F,, Lorefice, L., Poddighe, S., Fenu, G., Secci, M. A, Marrosu, M. G,, et al. (2020).
Multi-platform characterization of cerebrospinal fluid and serum metabolome of patients
affected by relapsing-remitting and primary progressive multiple sclerosis. J. Clin. Med. 9
(3), 863. d0i:10.3390/jcm9030863

Naseri, A., Nasiri, E., Sahraian, M. A., Daneshvar, S., and Talebi, M. (2021). Clinical
features of late-onset multiple sclerosis: A systematic review and meta-analysis. Mult. Scler.
Relat. Disord. 50, 102816. doi:10.1016/j.msard.2021.102816

Nelson, M. R, Tipney, H., Painter, J. L., Shen, J., Nicoletti, P., Shen, Y., et al. (2015). The
support of human genetic evidence for approved drug indications. Nat. Genet. 47 (8),
856-860. doi:10.1038/ng.3314

Nogueras, L., Gonzalo, H., Jové, M,, Sol, J., Gil-Sanchez, A., Hervas, J. V., et al. (2019).
Lipid profile of cerebrospinal fluid in multiple sclerosis patients: A potential tool for
diagnosis. Sci. Rep. 9 (1), 11313. doi:10.1038/s41598-019-47906-x

Nourbakhsh, B., Bhargava, P., Tremlett, H., Hart, J., Graves, J., and Waubant, E. (2018).
Altered tryptophan metabolism is associated with pediatric multiple sclerosis risk and
course. Ann. Clin. Transl. Neurol. 5 (10), 1211-1221. doi:10.1002/acn3.637

Olsson, T., Barcellos, L. F., and Alfredsson, L. (2017). Interactions between genetic,
lifestyle and environmental risk factors for multiple sclerosis. Nat. Rev. Neurol. 13 (1),
25-36. doi:10.1038/nrneurol.2016.187

Orri, V., Steri, M., Sidore, C., Marongiu, M., Serra, V., Olla, S., et al. (2020). Complex
genetic signatures in immune cells underlie autoimmunity and inform therapy. Nat.
Genet. 52 (10), 1036-1045. doi:10.1038/s41588-020-0684-4

Pachner, A. R,, Cadavid, D., Wolansky, L., and Skurnick, J. (2009). Effect of anti-IFN
{beta} antibodies on MRI lesions of MS patients in the BECOME study. Neurology 73 (18),
1485-1492. doi:10.1212/WNL.0b013e3181bf9919

Palumbo, S. (2017). “Pathogenesis and progression of multiple sclerosis: The role of
arachidonic acid-mediated neuroinflammation,” in Multiple sclerosis: Perspectives in
treatment and pathogenesis [internet]. Editors 1. S. Zagon and P. J. McLaughlin
(Brisbane (AU): Codon Publications). Chapter 7.

Parnell, G. P., Gatt, P. N., McKay, F. C., Schibeci, S., Krupa, M., Powell, J. E., et al. (2014).
Ribosomal protein S6 mRNA is a biomarker upregulated in multiple sclerosis,
downregulated by interferon treatment, and affected by season. Mult. Scler. 20 (6),
675-685. doi:10.1177/1352458513507819

Patsopoulos, N. A, Esposito, F., Reischl, J., Lehr, S., Bauer, D., Heubach, J., et al. (2011).
Genome-wide meta-analysis identifies novel multiple sclerosis susceptibility loci. Ann.
Neurol. 70, 897-912. do0i:10.1002/ana.22609

frontiersin.org


https://doi.org/10.1007/s12017-010-8128-4
https://doi.org/10.1016/j.ygeno.2016.04.005
https://doi.org/10.1038/ncomms11263
https://doi.org/10.1038/ncomms11263
https://doi.org/10.1039/c9md00253g
https://doi.org/10.1038/s41588-018-0183-z
https://doi.org/10.1371/journal.pone.0181758
https://doi.org/10.1371/journal.pone.0181758
https://doi.org/10.1016/j.msard.2022.103714
https://doi.org/10.1016/j.msard.2022.103714
https://doi.org/10.1021/acs.jproteome.6b00659
https://doi.org/10.32607/20758251-2016-8-3-103-110
https://doi.org/10.1038/s41467-018-04732-5
https://doi.org/10.1042/CS20180506
https://doi.org/10.1093/hmg/ddz187
https://doi.org/10.1038/nature12531
https://doi.org/10.1007/s12035-016-0257-9
https://doi.org/10.1016/j.xcrm.2021.100246
https://doi.org/10.1016/j.xcrm.2021.100246
https://doi.org/10.1002/jcb.23113
https://doi.org/10.1093/bib/bbw113
https://doi.org/10.1093/bib/bbw113
https://doi.org/10.1038/nrg3920
https://doi.org/10.1093/hmg/ddx385
https://doi.org/10.1038/srep41473
https://doi.org/10.1177/1352458517739989
https://doi.org/10.1007/s13311-019-00721-8
https://doi.org/10.1007/s13311-019-00721-8
https://doi.org/10.1093/brain/awac016
https://doi.org/10.1371/journal.pone.0000595
https://doi.org/10.1038/tpj.2016.20
https://doi.org/10.1186/s13148-015-0152-7
https://doi.org/10.1186/s13148-017-0371-1
https://doi.org/10.1038/s41598-018-35603-0
https://doi.org/10.1016/j.jprot.2018.07.019
https://doi.org/10.1080/14737175.2022.2064743
https://doi.org/10.1002/mrc.3915
https://doi.org/10.1530/JME-18-0055
https://doi.org/10.1530/JME-18-0055
https://doi.org/10.3389/fimmu.2018.01693
https://doi.org/10.3389/fimmu.2018.01693
https://doi.org/10.1074/mcp.M116.063313
https://doi.org/10.3390/jcm9030863
https://doi.org/10.1016/j.msard.2021.102816
https://doi.org/10.1038/ng.3314
https://doi.org/10.1038/s41598-019-47906-x
https://doi.org/10.1002/acn3.637
https://doi.org/10.1038/nrneurol.2016.187
https://doi.org/10.1038/s41588-020-0684-4
https://doi.org/10.1212/WNL.0b013e3181bf9919
https://doi.org/10.1177/1352458513507819
https://doi.org/10.1002/ana.22609
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1076421

Lorefice et al.

Pieragostino, D., Cicalini, I, Lanuti, P., Ercolino, E., di Ioia, M., Zucchelli, M., et al.
(2018). Enhanced release of acid sphingomyelinase-enriched exosomes generates a
lipidomics signature in CSF of Multiple Sclerosis patients. Sci. Rep. 8 (1), 3071. doi:10.
1038/541598-018-21497-5

Pinto-Medel, M. J., Oliver-Martos, B., Urbaneja-Romero, P., Hurtado-Guerrero, I,
Ortega-Pinazo, J., Serrano-Castro, P., et al. (2017). Global methylation correlates with
clinical status in multiple sclerosis patients in the first year of IFNbeta treatment. Sci. Rep. 7
(1), 8727. doi:10.1038/s41598-017-09301-2

Plenge, R. M., Scolnick, E. M., and Altshuler, D. (2013). Validating therapeutic targets
through human genetics. Nat. Rev. Drug Discov. 12 (8), 581-594. doi:10.1038/nrd4051

Pousinis, P., Ramos, I. R., Woodroofe, M. N., and Cole, L. M. (2020). Lipidomic UPLC-
MS/MS profiles of normal-appearing white matter differentiate primary and secondary
progressive multiple sclerosis. Metabolites 10 (9), 366. doi:10.3390/metabo10090366

Puppe, J., Seifert, T., Eichler, C., Pilch, H., Mallmann, P., and Malter, W. (2020).
Genomic signatures in luminal breast cancer. Breast Care (Basel) 15 (4), 355-365. doi:10.
1159/000509846

Rajda, C., Pukoli, D., Bende, Z., Majlath, Z., and Vecsei, L. (2017). Excitotoxins,
mitochondrial and redox disturbances in multiple sclerosis. Int. J. Mol. Sci. 18 (2),
353. doi:10.3390/ijms18020353

Reale, M., and Sanchez-Ramon, S. (2017). Lipids at the cross-road of autoimmunity in
multiple  sclerosis.  Curr.  Med. Chem. 24 (2), 176-192. doi:10.2174/
0929867324666161123093606

Reinke, S., Broadhurst, D., Sykes, B., Baker, G. B., Catz, L., Warren, K. G., et al. (2014).
Metabolomic profiling in multiple sclerosis: Insights into biomarkers and pathogenesis.
Mult. Scler. 20 (10), 1396-1400. doi:10.1177/1352458513516528

Roostaei, T., Klein, H. U., Ma, Y., Felsky, D., Kivisakk, P., Connor, S. M., et al. (2021).
Proximal and distal effects of genetic susceptibility to multiple sclerosis on the T cell
epigenome. Nat. Commun. 12 (1), 7078. doi:10.1038/s41467-021-27427-w

Ross, C. J., Towfic, F., Shankar, J., Laifenfeld, D., Thoma, M., Davis, M., et al. (2017). A
pharmacogenetic signature of high response to Copaxone in late-phase clinical-trial
cohorts of multiple sclerosis. Genome Med. 9 (1), 50. doi:10.1186/s13073-017-0436-y

Rustam, Y. H., and Reid, G. E. (2018). Analytical challenges and recent advances in mass
spectrometry based lipidomics. Anal. Chem. 90 (1), 374-397. doi:10.1021/acs.analchem.
7b04836

Sanders, K. A., Benton, M. C,, Lea, R. A,, Maltby, V. E., Agland, S., Griffin, N., et al.
(2016). Next-generation sequencing reveals broad down-regulation of microRNAs in
secondary progressive multiple sclerosis CD4+ T cells. Clin. Epigenet. 8, 87. doi:10.1186/
s13148-016-0253-y

Sandi, D., Kokas, Z., Biernacki, T., Bencsik, K., Klivenyi, P., and Vecsei, L. (2022).
Proteomics in multiple sclerosis: The perspective of the clinician. Int. J. Mol. Sci. 23 (9),
5162. doi:10.3390/ijms23095162

Sanna, S., Pitzalis, M., Zoledziewska, M., Zara, 1., Sidore, C., Murru, R., et al. (2010).
Variants within the immunoregulatory CBLB gene are associated with multiple sclerosis.
Nat. Genet. 42 (6), 495-497. doi:10.1038/ng.584

Sawai, S., Umemura, H., Mori, M., Satoh, M., Hayakawa, S., Kodera, Y., et al. (2010).
Serum levels of complement C4 fragments correlate with disease activity in multiple
sclerosis: Proteomic analysis. J. Neuroimmunol. 218 (1-2), 112-115. doi:10.1016/j.
jneuroim.2009.10.019

Sawecer, S., Hellenthal, G., Pirinen, M., Spencer, C. C., Patsopoulos, N. A., et al. (2011).
Genetic risk and a primary role for cell-mediated immune mechanisms in multiple
sclerosis. Nature 476(7359), 214-219. doi:10.1038/nature10251

Shams, H., Shao, X., Santaniello, A., Kirkish, G., Harroud, A., Ma, Q., et al. (2022).
Polygenic risk score association with multiple sclerosis susceptibility and phenotype in
Europeans. Brain, awac092. doi:10.1093/brain/awac092

Signoriello, E., Tardino, P., Casertano, S., De Lucia, D., PucciArelli, A., Puoti, G., et al.
(2020). 12-months prospective Pentraxin-3 and metabolomic evaluation in multiple
sclerosis patients treated with glatiramer acetate. J. Neuroimmunol. 348, 577385.
doi:10.1016/j.jneuroim.2020.577385

Simone, 1. L., Federico, F., Trojano, M., Tortorella, C., LiguoriM.Giannini, P., et al.
(1996). High resolution proton MR spectroscopy of cerebrospinal fluid in MS patients.
Comparison with biochemical changes in demyelinating plaques. J. Neurol. Sci. 144 (1-2),
182-190. doi:10.1016/s0022-510x(96)00224-9

Singhal, N. K., Freeman, E., Arning, E., Wasek, B., Clements, R., Sheppard, C,, et al.
(2018). Dysregulation of methionine metabolism in multiple sclerosis. Neurochem. Int.
112, 1-4. doi:10.1016/j.neuint.2017.10.011

Souren, N. Y., Gerdes, L. A., Lutsik, P., Gasparoni, G., Beltran, E., Salhab, A, et al. (2019).
DNA methylation signatures of monozygotic twins clinically discordant for multiple
sclerosis. Nat. Commun. 10 (1), 2094. doi:10.1038/s41467-019-09984-3

Spicer, R. A, Salek, R, and Steinbeck, C. (2017). A decade after the metabolomics
standards initiative it’s time for a revision. Sci. Data 4, 170138. doi:10.1038/sdata.2017.138

Frontiers in Genetics

15

10.3389/fgene.2023.1076421

Steri, M., Orrtu, V., Idda, M. L., Pitzalis, M., Pala, M., Zara, I, et al. (2017).
Overexpression of the cytokine BAFF and autoimmunity risk. N. Engl. J. Med. 376
(17), 1615-1626. doi:10.1056/NEJMoal610528

Stoessel, D, Stellmann, J. P., Willing, A., Behrens, B., Rosenkranz, S. C., Hodecker, S. C.,
et al. (2018). Metabolomic profiles for primary progressive multiple sclerosis stratification
and disease course monitoring. Front. Hum. Neurosci. 12, 226. doi:10.3389/fnhum.2018.
00226

Stohl, W., and Hilbert, D. M. (2012). The discovery and development of belimumab: The
anti-BLyS-lupus connection. Nat. Biotechnol. 30 (1), 69-77. doi:10.1038/nbt.2076

Tasaki, S., Suzuki, K., Kassai, Y., Takeshita, M., Murota, A., Kondo, Y., et al. (2018).
Multi-omics monitoring of drug response in rheumatoid arthritis in pursuit of molecular
remission. Nat. Commun. 9 (1), 2755. doi:10.1038/s41467-018-05044-4

Thompson, A. J., Banwell, B. L., Barkhof, F., Carroll, W. M., Coetzee, T., Comi, G., et al.
(2018). Diagnosis of multiple sclerosis: 2017 revisions of the McDonald criteria. Lancet
Neurol. 17 (2), 162-173. doi:10.1016/S1474-4422(17)30470-2

Tremlett, H., Dai, D. L., Hollander, Z., Kapanen, A., Aziz, T., Wilson-McManus, J. E.,
etal. (2015). Serum proteomics in multiple sclerosis disease progression. J. Proteomics 118,
2-11. doi:10.1016/j.jprot.2015.02.018

Tsareva, E., Kulakova, O., Boyko, A., and Favorova, O. (2016). Pharmacogenetics of
multiple sclerosis: Personalized therapy with immunomodulatory drugs. Pharmacogenet
Genomics 26 (3), 103-115. doi:10.1097/FPC.0000000000000194

van der Lee, M., Rowell, W. J., Menafra, R., Guchelaar, H. J., Swen, J. J., and Anvar, S. Y.
(2022). Application of long-read sequencing to elucidate complex pharmacogenomic
regions: A proof of principle. Pharmacogenomics J. 22 (1), 75-81. doi:10.1038/s41397-021-
00259-z

van Doorn, R,, Nijland, P. G., Dekker, N., Witte, M. E., Lopes-Pinheiro, M. A., van het
Hof, B., et al. (2012). Fingolimod attenuates ceramide-induced blood-brain barrier
dysfunction in multiple sclerosis by targeting reactive astrocytes. Acta Neuropathol.
124, 397-410. doi:10.1007/s00401-012-1014-4

Vidaurre, O. G, Haines, J. D., Katz Sand, L., Adula, K. P, Huynh, J. L., McGraw, C. A,,
et al. (2014). Cerebrospinal fluid ceramides from patients with multiple sclerosis impair
neuronal bioenergetics. Brain 137 (8), 2271-2286. doi:10.1093/brain/awul39

Villoslada, P., Alonso, C., Agirrezabal, I, Kotelnikova, E., Zubizarreta, I, Pulido-
Valdeolivas, I, et al. (2017). Metabolomic signatures associated with disease severity in
multiple sclerosis. Neurol. Neuroimmunol. Neuroinflamm 4 (2), €321. doi:10.1212/NXIL
0000000000000321

Villoslada, P., and Baranzini, S. (2012). Data integration and systems biology approaches
for biomarker discovery: Challenges and opportunities for multiple sclerosis.
J. Neuroimmunol. 248 (1-2), 58-65. doi:10.1016/j.jneuroim.2012.01.001

Waddington, K. E., Papadaki, A., Coelewij, L., Adriani, M., Nytrova, P., Kubala
Havrdova, E,, et al. (2020). Using serum metabolomics to predict development of anti-
drug antibodies in multiple sclerosis patients treated with IFNp. Front. Immunol. 11, 1527.
doi:10.3389/fimmu.2020.01527

Wallin, M. T., Oh, U,, Nyalwidhe, J., Semmes, J., Kislinger, T., Coffman, P., et al. (2015).
Serum proteomic analysis of a pre-symptomatic multiple sclerosis cohort. Eur. J. Neurol.
22 (3), 591-599. doi:10.1111/ene.12534

Ward, M., and Goldman, M. D. (2022). Epidemiology and pathophysiology of
multiple sclerosis. Contin. (Minneap Minn) 28 (4), 988-1005. doi:10.1212/con.
0000000000001136

Wilkins, A., Ingram, G., Brown, A,, Jardine, P., Steward, C. G., Robertson, N. P., et al.
(2009). Very long chain fatty acid levels in patients diagnosed with multiple sclerosis. Mult.
Scler. 15 (12), 1525-1527. doi:10.1177/1352458509351731

Wu, Y., Byrne, E. M., Zheng, Z., Kemper, K. E.,, Yengo, L., Mallett, A. ], et al. (2019).
Genome-wide association study of medication-use and associated disease in the UK
Biobank. Nat. Commun. 10 (1), 1891. doi:10.1038/s41467-019-09572-5

Ye, F., Liang, J., Li, ], Li, H., and Sheng, W. (2020). Development and validation of a five-
gene signature to predict relapse-free survival in multiple sclerosis. Front. Neurol. 11,
579683. doi:10.3389/fneur.2020.579683

L. S. Zagon and P. J. McLaughlin (Editors) (2017). Multiple sclerosis: Perspectives in
treatment and pathogenesis internet] (Brisbane (AU): Codon Publications). Chapter 7.

Zhong, M., van der Walt, A., Campagna, M. P., Stankovich, J., Butzkueven, H., and
Jokubaitis, V. (2020). The pharmacogenetics of rituximab: Potential implications for anti-
CD20 therapies in multiple sclerosis. Neurotherapeutics 17 (4), 1768-1784. doi:10.1007/
s13311-020-00950-2

7id6, M., Kacer, D., Vale§, K., Svobodova, Z., Zimova, D., and Stétkarova, I. (2022).
Metabolomics of cerebrospinal fluid in multiple sclerosis compared with healthy controls:
A pilot study. Front. Neurol. 13, 874121. doi:10.3389/fneur.2022.874121

Zillig, T., Trotzmiiller, M., and Kofeler, H. C. (2020). Lipidomics from sample
preparation to data analysis: A primer. Anal. Bioanal. Chem. 412 (10), 2191-2209.
doi:10.1007/500216-019-02241-y

frontiersin.org


https://doi.org/10.1038/s41598-018-21497-5
https://doi.org/10.1038/s41598-018-21497-5
https://doi.org/10.1038/s41598-017-09301-2
https://doi.org/10.1038/nrd4051
https://doi.org/10.3390/metabo10090366
https://doi.org/10.1159/000509846
https://doi.org/10.1159/000509846
https://doi.org/10.3390/ijms18020353
https://doi.org/10.2174/0929867324666161123093606
https://doi.org/10.2174/0929867324666161123093606
https://doi.org/10.1177/1352458513516528
https://doi.org/10.1038/s41467-021-27427-w
https://doi.org/10.1186/s13073-017-0436-y
https://doi.org/10.1021/acs.analchem.7b04836
https://doi.org/10.1021/acs.analchem.7b04836
https://doi.org/10.1186/s13148-016-0253-y
https://doi.org/10.1186/s13148-016-0253-y
https://doi.org/10.3390/ijms23095162
https://doi.org/10.1038/ng.584
https://doi.org/10.1016/j.jneuroim.2009.10.019
https://doi.org/10.1016/j.jneuroim.2009.10.019
https://doi.org/10.1038/nature10251
https://doi.org/10.1093/brain/awac092
https://doi.org/10.1016/j.jneuroim.2020.577385
https://doi.org/10.1016/s0022-510x(96)00224-9
https://doi.org/10.1016/j.neuint.2017.10.011
https://doi.org/10.1038/s41467-019-09984-3
https://doi.org/10.1038/sdata.2017.138
https://doi.org/10.1056/NEJMoa1610528
https://doi.org/10.3389/fnhum.2018.00226
https://doi.org/10.3389/fnhum.2018.00226
https://doi.org/10.1038/nbt.2076
https://doi.org/10.1038/s41467-018-05044-4
https://doi.org/10.1016/S1474-4422(17)30470-2
https://doi.org/10.1016/j.jprot.2015.02.018
https://doi.org/10.1097/FPC.0000000000000194
https://doi.org/10.1038/s41397-021-00259-z
https://doi.org/10.1038/s41397-021-00259-z
https://doi.org/10.1007/s00401-012-1014-4
https://doi.org/10.1093/brain/awu139
https://doi.org/10.1212/NXI.0000000000000321
https://doi.org/10.1212/NXI.0000000000000321
https://doi.org/10.1016/j.jneuroim.2012.01.001
https://doi.org/10.3389/fimmu.2020.01527
https://doi.org/10.1111/ene.12534
https://doi.org/10.1212/con.0000000000001136
https://doi.org/10.1212/con.0000000000001136
https://doi.org/10.1177/1352458509351731
https://doi.org/10.1038/s41467-019-09572-5
https://doi.org/10.3389/fneur.2020.579683
https://doi.org/10.1007/s13311-020-00950-2
https://doi.org/10.1007/s13311-020-00950-2
https://doi.org/10.3389/fneur.2022.874121
https://doi.org/10.1007/s00216-019-02241-y
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2023.1076421

	Omics approaches to understanding the efficacy and safety of disease-modifying treatments in multiple sclerosis
	Introduction
	Omics approaches
	Genomics
	Epigenomics
	Transcriptomics

	Proteomics
	Metabolomics
	Lipidomics

	Multi-omics data integration
	Conclusion
	Author contributions
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


