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Summary
Introduction Obesity is a multifactorial chronic dis-
ease that cannot be addressed by simply promoting
better diets and more physical activity. To date, not
a single country has successfully been able to curb
the accumulating burden of obesity. One explana-
tion for the lack of progress is that lifestyle interven-
tion programs are traditionally implemented without
a comprehensive evaluation of an individual’s diag-
nostic biomarkers. Evidence from genome-wide as-
sociation studies highlight the importance of genetic
and epigenetic factors in the development of obe-
sity and how they in turn affect the transcriptome,
metabolites, microbiomes, and proteomes.
Objective The purpose of this review is to provide
an overview of the different types of omics data: ge-
nomics, epigenomics, transcriptomics, proteomics,
metabolomics and illustrate how a multi-omics ap-
proach can be fundamental for the implementation
of precision obesity management.
Results The different types of omics designs are
grouped into two categories, the genotype approach
and the phenotype approach. When applied to obe-
sity prevention and management, each omics type
could potentially help to detect specific biomark-
ers in people with risk profiles and guide healthcare
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professionals and decision makers in developing in-
dividualized treatment plans according to the needs
of the individual before the onset of obesity.
Conclusion Integrating multi-omics approaches will
enable a paradigm shift from the one size fits all
approach towards precision obesity management,
i.e. (1) precision prevention of the onset of obesity,
(2) precision medicine and tailored treatment of obe-
sity, and (3) precision risk reduction and prevention
of secondary diseases related to obesity.

Keywords Multi-omics · Health promotion ·
Metabolomics · Microbiomics · Precision obesity
prevention

Introduction

The obesity epidemic is one of the most important
public health concerns in the world today. The World
Health Organization (WHO) estimates that overweight
affects 30–70% and obesity affects 10–30% of the adult
population globally [1]. There is also a rising concern
that obesity rates have tripled in the past 30 years and
continue to spread in both developed and developing
nations. The WHO predicts that every fifth adult in
the world will suffer from obesity by 2025.

Despite the growing recognition of the disease, obe-
sity does not receive enough attention that is propor-
tionate to its increased prevalence and impact [2]. Ev-
idence has shown that obesity is a risk factor for devel-
oping many noncommunicable diseases, such as dia-
betes mellitus, cardiovascular diseases, musculoskele-
tal disorders, and certain types of cancer [3, 4]. Apart
from the associated health problems for individuals
living with obesity, the social, medical, and economic
costs can also be a burden on societies. Besides, obe-
sity in childhood and adolescence can lead to social
stigma and isolation, decreased life expectancy, a high
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frequency of sick leave, disability pension, and in-
creased mortality.

To date, not a single country has successfully been
able to curb the accumulating burden of obesity [5, 6].
One explanation for the lack of progress is that most
approaches focus on the treatment of the medical
consequences once symptoms are manifested, rather
than prevention. Secondly, even those public health
initiatives that are directed towards obesity prevention
and management show little evidence of success and
efficacy at the population level. The lack of measur-
able change illustrates that obesity is a multifactorial
chronic disease that cannot be solved by simply pro-
moting better diets and more physical activity.

Another apparent challenge is the traditionally sim-
plistic calculation of severe obesity. Obesity is com-
monly characterized as the accumulation of body fat
that results when energy intake exceeds energy expen-
diture, although individuals respond differently to this
imbalance due to genetic predisposition. Currently,
obesity diagnostics are based on standardized phe-
notypical body characteristic parameters: body mass
index, BMI (≥30kg/m2), body weight, waist circum-
ference [7] and clinical parameters, such as plasma
lipid profile, glycated hemoglobin, insulin, and fast-
ing glucose levels to determine obesity comorbidities
[8]. Although they are commonly used methods for
assessing morbid obesity, they are limited in their es-
timate for risk prediction and capability to provide
insights into specific molecular changes and the bio-
chemical alterations in the development of obesity.

Hence, obesity prevention and management re-
quire a novel approach. Precision medicine promises
to reform our understanding of health on the mi-
crolevel by incorporating individual characteristics
such as genetics, lifestyle, and environmental risk
factors. It is a personalized diagnostics approach that
provides care to “the right individual at the right time”
[9]. When applied to obesity prevention and manage-
ment, precision medicine could bring forward know-
ledge on the etiology of obesity and its pathophysio-
logical links with chronic diseases by collecting a wide
range of omics data (i.e., genetics, metabolomics, and
microbiome). For instance, a recent Hungarian study
has highlighted the role of genetic and epigenetic fac-
tors to further understand the mechanisms involved
in obesity development [10]. The study investigated
and genotyped 20 single nucleotide polymorphisms
(SNPs) that were believed to be associated with the
risk of obesity and found that “two types of multilocus
genetic risk scores were constructed to estimate the
combined effect of selected SNPs” [10]. Nevertheless,
it has not been clarified how much these SNPs con-
tribute to obesity risk and related quantitative factors
if combined and whether they can be considered as
possible predictors of obesity.

Similarly, precision public health approaches can
potentially enhance our understanding of the inter-
play between individuals and macrolevel factors such

as occupational or environmental exposures that in-
fluence populations’ health. It integrates precision
and population-based strategies to provide “the right
intervention to the right population at the right time”
by examining the different subgroups of the popula-
tion based on contextual variables such as geospatial
risk modelling and cluster analyses to understand
health conditions that arise in a population [5]. A key
success of precision public health is its potential
to provide a more accurate and better assessment
of characterized populations by combining big data
and advanced omics technology on disease patterns,
pathogens, exposures, behaviors, and susceptibility.

Today, the so-called omics technology is an inno-
vative approach that promises to reform our under-
standing of the mechanisms explaining the complex
biology behind obesity by collecting data on genes,
metabolites, and examining biodatasets using ge-
nomics, epigenomics, transcriptomics, proteomics,
metabolomics, and microbiomics methodological de-
signs [11]. It has been increasingly successful in
detecting common genetic susceptibility variants. For
instance, to date, genome-wide association studies
(GWAS) have identified more than 40 genetic variants
associated with obesity and fat distribution [10–12].
Furthermore, efforts are being made to integrate dif-
ferent omics biomarkers into multi-omics approaches
to explore and refine the characterization of pheno-
types and serve as targeted precision prevention.

Consequently, screening specific biomarkers or
genetic sequences in nonsymptomatic individuals
can improve the current status quo of treatment of
disease and will enable personalized treatment and
therapy for obese individuals. When applied to obe-
sity, integrating multi-omics approaches data analysis
will enable a paradigm shift from the “one size fits
all” approach towards precision obesity management,
i.e. (1) precision prevention of the onset of obesity,
(2) precision medicine and tailored treatment of obe-
sity, and (3) precision risk reduction and prevention of
secondary diseases related to obesity [13, 14]. Lastly,
precision obesity management can potentially pro-
vide an accurate and better assessment of individuals
with or without comorbidities. It allows to co-de-
sign a cost-effective and sustainable person-centered
plan, and thus improves the quality of life in every
individual with obesity and related comorbidities.

Despite the abundant literature, there are no diag-
nostic molecular markers which are suitable for risk
prediction or the reduction of obesity development
at an early stage. This knowledge gap can be closed
by multi-omics approaches. In this paper, a targeted
review was conducted to provide an overview of the
different types of omics data: genomics, epigenomics,
transcriptomics, proteomics, metabolomics and mi-
crobiomics for a better understanding of the etiology
and pathophysiology of obesity development and how
multi-omics approaches can be implemented in pre-
cision obesity management.
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Fig. 1 The various omics technologies applied to study obe-
sity development

The different types of omics designs are grouped
into two categories, the genome approach and the
phenotype approach. Figure 1 provides a simple il-
lustration, highlighting the two profiling strategies to
integrate amulti-omics approach for precision obesity
management.

In the following paragraphs, we describe the re-
spective omics platforms, the definition and which
technologies are used to detect them. Then we
present the relation of the omics features with obesity
and discuss the possibilities for applying it in the pre-
vention, treatment, and risk reduction for secondary
diseases.

Genotyping

Genotyping is a clinical procedure that examines “an
individual DNA sequence to determine a difference
in the genetic mark-up of a genotype” [15]. Using
gene expression profiling, it aims to predict and deter-
mine an individuals’ genetic variation and risk profiles
for various diseases. In the last two decades, the ap-
plication of genotyping strategies in clinical research
have dramatically changed the pace of detection of
common genetic susceptibility variants to chronic dis-
ease development. Furthermore, the development of
DNA microarray-based techniques and next genera-
tion sequencing (NGS) analysis have enabled anal-
yses of population-specific genetic traits [16]. Cur-
rent methods of genotyping applications include ge-
nomics (DNA), epigenomics (DNA methylation) and
transcriptomics (RNA).

Genomics

Genomics is the most mature of omics technologies
and focusses on identifying genetic variants associ-
ated with disease and prognosis [15]. While diet and

sedentary lifestyles are predominately thought of as
an obvious explanation for the rise of obesity, genome
studies demonstrate the important role genetics play
in the development of obesity. Understanding indi-
viduals’ phenotypes can potentially lead to targeted
therapy to curb the obesity epidemic.

The first gene discovered associated with obesity
was fat mass and obesity (FTO). Evidence has shown
the role of FTO in food intake and its primary effects
on diabetes mellitus and obesity [17–19]. A large-
scale GWAS study among people of European descent
has confirmed the strong association of the FTO locus
with increased BMI and metabolic syndrome suscep-
tibility [20]. The discovery of FTO has also revealed an-
other strongly associated locus, the melanocortin 4 re-
ceptor gene (MC4R), which is associated with weight,
fat mass and obesity [19, 21]. The MC4R gene was
identified as the leading contributor of monogenic
obesity and the interaction of FTO and MC4R genes
on certain pathways are associated with obesity-re-
lated phenotypes.

Previous genome studies have also provided an in-
sight into gender-specific differences in fat distribu-
tion, body shape, and susceptibility to obesity devel-
opment. Evidence indicates that fat distribution is
controlled by genetic factors as genes are involved in
energy homeostasis, therefore affecting energy expen-
diture and energy intake through regulation mecha-
nisms [12, 22, 23]. The studies revealed numerous
genes harboring waist to hip ratio (WHR) loci, which
regulate the fat distribution and fat depots. Eating
behavior can have a direct and often unrecognized
indirect effect on WHR loci, as the obesity suscepti-
bility genes are highly expressed in the central ner-
vous system, which are likely to influence appetite
and satiety. Interestingly, one of the studies [23] found
14 WHR loci in women and only 6 loci in men, which
were associated with an increase in waist circumfer-
ence (WC) and BMI. The loci increasing the WHR in
women demonstrate that gene variants can have gen-
der-specific effects on the development of obesity and
individual patterns of body fat.

Furthermore, family history was previously hypoth-
esized as a good proxy for the genetic risk of develop-
ing obesity because of the shared environmental fac-
tors. This claim has been supported by several twin
studies, which have estimated a 46–72% genetic heri-
tability of BMI in children and adults [24, 25]; however,
despite their success family studies were reliant on re-
ferral biases and were conducted in a small sample
set to offer analytically confident detection of genetic
variants involved in the regulation of obesity and re-
lated traits.

Consequently, over the last two decades, efforts
have been made to identify genetic variants among
predisposed obese individuals in a large sample set.
With the emergence of GWAS, hundreds of genetic
variants involved in different biological pathways
have been associated with polygenic obesity. For in-
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stance, a GWAS with a sample size of 339,224 [26] and
244,459 [27] individuals, respectively, identified more
than 97 BMI and 49 WHR obesity-associated loci. An-
other larger scale meta-analysis including 700,000 in-
dividuals yielded over 941 near-independent single
nucleotide polymorphisms (SNPs) associated with
BMI [28]; however, both studies indicated a limita-
tion that a risk locus with >5% effects for statistical
significance were not detectable, which could equally
contribute to understanding obesity risk and its traits.

There remains a gap in GWAS studies that obe-
sity-related risk loci with small statistical significance
are not detected in the analysis. To address this gap,
a new approach has been developed known as genetic
risk scores (GRS), which aggregates multilocus genetic
risk profiles into a single predictive measure of obe-
sity susceptibility [29]. Going forward, advances in
the understanding of GWAS and the development of
computational algorithms for GRS could facilitate tar-
geted strategies for obesity prevention in early child-
hood. Lastly, GRS could be helpful in guiding lifestyle
interventions targeted at high-risk individuals as these
individuals at elevated genetic risk are also susceptible
to secondary chronic diseases.

Epigenomics

Epigenomics is a study of heritable changes and
chemical modification. The epigenome consists of
chemical compounds and DNA-associated proteins
which may affect gene function without altering the
DNA sequence [19]. There are many types of epi-
genetic markers including DNA methylation, histone
acetylation, and non-coding RNAs (e.g., miRNAs), and
they mediate a biological process called imprinting
[30]. Failure in imprinting can cause the development
of chronic disease and imprinting disorders are of-
ten clinical characteristics of obesity. Currently, the
common method of examining epigenetic markers
includes whole-genome bisulphite sequencing and
epigenetic epigenomic array-based technologies.

It is hypothesized that epigenetic modification
can occur early in life due to environmental influ-
ences, thereby permanently affecting metabolism and
chronic disease risk later in life. A recent epigenomic
study examined the effect of malnutrition during
pregnancy on DNA methylation on the offspring [31].
The authors concluded that exposure to stress, under-
nutrition or overnutrition during gestation can “affect
DNA methylation, histone post-translational modifi-
cation as well as gene expression involved in insulin
signalling and fatty acid metabolism”. The study sug-
gests that the offspring will be predisposed to obesity
and obesity-related secondary diseases. This claim
is further corroborated by the Dutch Hunger winter
study [32]. This human study examined the influence
of maternal diet on DNA methylation in the offspring
during gestation. The study showed maternal dietary
changes caused permanent phenotypic variation and

epigenomic alteration in the offspring, although the
consequences of these variations are unexplored and
remain unknown. Despite the limited human study
on this subject, early detection of epigenetic changes
can be used as early indicators of disease status for
metabolic syndrome and cardiovascular disease in
low-risk individuals.

Further studies in epigenome-wide association
studies (EWASs) have also provided new lines of
evidence identifying epigenetic modifications corre-
lating with diseases in a larger study population. For
instance, in the REGICOR study based on a sample
of 641 participants and a sample of 2515 participants
in the Framingham Offspring cohort, 70 CpG regions
were associated with BMI [33]. The authors inves-
tigated the epigenetic effect of CpG loci in obesity
development and found that these biomarkers ex-
plained 26% and 29% of the variability of BMI and
waist circumference, respectively. This suggests that
identifying an expressed CpG locus in nonsymp-
tomatic individuals can be a potential diagnostic
marker of obesity and risk for metabolic disorders.

Despite the challenge in the interpretation of
epidemiological data, many studies have demon-
strated the importance of epigenetic modifications
and how environmental factors can influence behav-
ioral changes and exert increased obesity risk later
in life. Epigenomic modification can occur due to
genetic, tissue differentiation, or exposure to environ-
mental factors and behavioral changes. For instance,
lifestyle and environmental factors “such as smoking,
unbalanced diet, and infectious disease can expose
a person, which prompts a chemical response, which
in turn often lead to changes in the epigenome”
[30]. Further EWAS studies can contribute to un-
derstanding pathways involved in the pathogenesis
of obesity and identifying genes influenced by epi-
genetic biomarkers. Therefore, novel knowledge on
epigenomic biomarkers and mechanisms can con-
tribute to identifying potential therapeutic biological
targets for precision obesity management and thus
providing tailored lifestyle interventions.

Transcriptomics

Transcriptomics technology examines transcriptome
organisms, which are made up of Messenger RNAs
(mRNAs), non-coding RNAs (ncRNAs), and small
RNAs (sRNAs). Studying the transcriptome is crucial
because it contains information about how each cell
type functions under normal development in contrast
to how they function in pathological conditions [34].
Next generation sequencing (NGS) and RNA sequenc-
ing (RNA-seq) are commonly used technologies to
collect transcriptome profiling.

With the arrival of NGS, transcriptome profiling
and microarrays transcriptional profiling have be-
come the most common approaches for investigating
chronic diseases on a molecular level and gene ex-

116 Multi-omics approaches for precision obesity management K



review article

pression analysis [34]. For instance, tissue-specific
analyses of the mRNA transcriptome of adipocytes
showed that more than 1000 expressed genes were
altered in obese subjects as compared to lean indi-
viduals [35]. Adipose tissue is the largest organ that
plays a crucial role in regulating energy homeostasis
and adipocytes serve as a “reservoir for energy storage
and utilisation” [36]. Therefore, an increased num-
ber of adipocytes among obese individuals indicates
dysfunction in white adipose tissue (WAT) and its
obesity-associated metabolic complications such as
insulin resistance (IR).

In another study [37] the authors carried out tran-
scriptional profiling of peripheral blood among obese
and lean subjects to investigate the biological pro-
cesses related to the regulation of body mass. The
study found an increased transcript level in genes in-
volved in ribosome, apoptosis and oxidative phospho-
rylation pathways among obese subjects, which are
consistent with an altered metabolic profile including
increased protein synthesis, and increased energy de-
mands. Although a dietary lifestyle intervention can
be adequate to manage metabolic alterations, under-
standing the changing expression levels of each tran-
script and their effect on metabolic modification rep-
resents an opportunity for a therapeutic target for pre-
cision obesity management.

Another important discovery in transcriptomic
biomarkers related to obesity risk and its associ-
ated comorbidities is the circulating micro RNAs
(cmiRNAs). These are released into the bloodstream
and cerebrospinal fluid and serve as key messengers
between cells and tissues [29]. A recent study iden-
tified 33 cmiRNAs with dysregulated expression in
serum or plasma among obese subjects and many
of the genes identified are involved in fatty acid
metabolism and phosphoinositide 3-kinase (PI3K-
Akt) pathways [38]. The study highlights the reg-
ulatory role of miRNAs in adipose tissue and the
potential for diagnostic and therapeutic intervention
of obesity and related secondary diseases.

Furthermore, transcriptomics studies have exam-
ined the role of miRNAs in obesity to better under-
stand their regulatory roles in adipogenesis, adipocyte
differentiation, and insulin signalling. Most human
protein-coding genes are regulated by at least one
miRNA and specific miRNA signatures have been de-
scribed in many diseases, including obesity, type 2
diabetes mellitus, and cardiovascular diseases (CVD).
Sequencing technology has allowed the identifica-
tion of non-coding RNAs (ncRNAs), such as miRNAs
and long ncRNAs (lncRNAs), and a greater under-
standing of transcriptional regulation [29]. Two tran-
scriptomics studies [39, 40] have noted that miRNAs
elicit posttranscriptional repression of gene expres-
sion and therefore specific miRNAs were differentially
expressed in adipose tissue of obese individuals as
compared to those with normal weight. Although
these study findings are based on a limited sample

set, they provide valuable insights into the underlying
mechanisms of the progressive energy imbalance and
fat distribution observed during obesity progression.

Phenotyping

Phenotypes refer to the “physical appearance, bio-
chemical characteristics and physiological function of
an individual organism” which are largely influenced
by the interactions between genetic effects and envi-
ronmental factors such as what one eats, how much
one exercises, and how much one smokes [17]. Fol-
lowing that, phenotyping is the study and evaluation
of the phenotypes of a given genotype [41]. Phe-
notyping technology enables a simultaneous collec-
tion of transcription, protein, and metabolic modifi-
cation in response to the environment [42]. To bet-
ter understand the underlying mechanism of obesity
by metabolic pathways, phenotyping methods can be
fundamental. The most common methods for molec-
ular composition analysis are nuclear magnetic reso-
nance spectroscopy (NMRS) and mass spectrometry
(MS).

Metabolomics

Metabolites are small molecules that are involved in
metabolic pathways, which are often “impacted by ge-
netic variation, epigenetic status, enzyme activity, and
environmental factors” [19]. For instance, an accumu-
lation of metabolites can result in reduced enzyme ac-
tivity that is exacerbated by lifestyle choices such as
minimal physical activity, and nutrient intake which
can have a significant impact on the metabolomic
profile of an individual [41]. Metabolites are com-
monly measured in tissue samples or body fluids such
as blood or urine.

Metabolomics is therefore a widely used analytical
technique that measures changes in the metabo-
lite profile within a cell, tissue, or organism [42]. It
analyzes small molecule types such as lipids, carbohy-
drates, amino acids, fatty acids, or organic acids of cel-
lular metabolic functions. In the past, metabolomics
has been used for numerous discoveries of clinical
conditions and these novel biomarkers have provided
a better understanding of disease progression and
metabolic pathways [43].

There are six metabolic pathways involved to bet-
ter understand and predict the risk of obesity de-
velopment. These are glucose metabolism and the
citric acid cycle, lipid/fatty acid metabolism, bile
acid metabolism, choline metabolism, amino acid
metabolism, and creatine metabolism [44, 45]. The
amino acid metabolism is the most important physi-
ological phenomenon, and studies indicate that dis-
orders in amino acid metabolism are related to the
occurrence of insulin resistance and other metabolic
conditions. Similar studies among obese children [46]
and young Chinese men [47] show that obese sub-
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jects have higher concentrations of branched-chain
amino acids (BCAAs) and, consequently, the products
of their degradation. This suggests that an accurate
assessment and prediction of insulin resistance and
obesity risk factors can be determined by amino acid
profiles.

Data from a study conducted among obese Japanese
individuals found an increased level of the eight
amino acids alanine, arginine, asparagine, glutamine,
leucine, tyrosine, valine, and phenylalanine com-
pared with lean subjects [48]. Similar findings were
reported in another study conducted in Finland [49].
The authors concluded that “BCAAs, aromatic amino
acids (AAAs), and orosomucoid” are major risk fac-
tors for the onset of obesity. The study also found
an increased level in four acylcarnitine species (C3,
C5, C6, and C8:1) in obese subjects. An increased
level of plasma levels of BCAA in obese individuals
reflects changes in metabolic signature and obesity
deregulation.

Further metabolic pathway analysis in fatty acid
biosynthesis, phenylalanine metabolism, leucine, and
valine degradation can help distinguish the differ-
ence between metabolically healthy obese (MHO)
individuals and metabolically unhealthy obese indi-
viduals. Although both groups meet the traditional
BMI criteria for obesity, one consistent criterion to
distinguish the two is based on abnormal metabolic
phenotypes [19]. A Taiwanese study [50] conducted in
a weight loss clinic to identify a potential difference
in the metabolic profile found that there was an alter-
ation of serum metabolites including L-kynurenine,
glycerophosphocholine (GPC), glycerol 1-phosphate,
glycolic acid, tagatose, methyl palmitate, and uric acid
between obese metabolically healthy and unhealthy
subjects. An increased level of non-essential fatty
acids including oleic acid, palmitic acid, palmitoleic
acid, stearic acid, stearoyl carnitine, 2-hydroxybu-
tanoic acid, and 3-hydroxybutanoic acid was also
reported in metabolically healthy obese individuals,
which are associated with dyslipidemia, an imbalance
of lipids. Similar studies are crucial in the future to
predict the onset of metabolic, and cardiovascular
risk among MHO. Moreover, an accurate identifica-
tion of individuals with these conditions can lead to
appropriate and precision treatment.

Lastly, the role of carbohydrates in obesity devel-
opment is also an important study to understand
energy imbalance and the accumulation of fat depots
in obese individuals. The effects of dietary compo-
sition, particularly excessive consumption of high-
fat and high-calorie diets are traditionally associated
with obesity. One explanation is that the increase
in energy intake can disrupt energy balance and can
lead to a metabolic syndrome such as loss of glycemic
control, dyslipidemia, hypertension and obesity [51].
Several interventional studies have demonstrated the
beneficial effects of dietary fibers, particularly a low
carbohydrate diet on body weight, food intake, glu-

cose homeostasis and consequently the maintenance
of weight loss [52, 53]; however, despite their short-
term success, for an effective long-term precision
weight management, further metabolic studies on
the impact of genetic and epigenetic risk factors on
the metabolome should provide further insight into
how genes impact the metabolism and contribute to
obesity development.

Microbiomics

Metagenomics is a sophisticated sequencing technol-
ogy that examines the microbial communities in the
human body. The most common sequencing, an an-
alytical technique to identify microbiome is 16S rRNA
sequencing, which can accurately provide a complete
picture of microorganisms such as bacteria, fungi,
parasites, and viruses found in the human body.

Individuals are born with a “unique network of mi-
crobiota that is determined by their DNA” [54]. Most
of the humanmicrobiota, primarily bacteria are found
in the gut, and evidence suggests that the human gut
microbiota has a “significant impact on maintaining
immune and metabolic homeostasis and protecting
against pathogens” [55]. Studying the microbiomics
status of the gut allows determination of the micro-
bial diversity and how they change over time. Envi-
ronmental exposure and diet can change one’s micro-
biome which can either be beneficial or potentially
put them at a greater risk for chronic diseases. For in-
stance, a disruption inmicrobial composition can lead
to bowl diseases, a variety of neurological diseases,
cardiovascular disorders, and respiratory diseases.

One possible explanation for reduced microbial di-
versity in the human gut is exposure to antibiotics.
A recent meta-analysis reported a significant dose-re-
sponse relationship between antibiotics exposure in
very early life and childhood adiposity, showing ele-
vated risk with repeated doses [56]. The study findings
are supported by other epidemiological studies that
claim that antibiotics exposure in the first year of life
is associated with an increased risk of obesity during
childhood and later in life [57, 58].

An important discovery in microbiome studies is
the significant effect of dietary changes in bacte-
rial metabolism especially in short-chain fatty acids
(SCFA) and amino acids, which play an important
role in “metabolic modulation, appetite regulation,
and immune function” [17]. Data findings from a re-
cent study [59] show a higher concentration of acetate
in blood and feces, propionate and valerate in feces,
and butyrate in feces produced by fermentation of di-
etary fiber in the gut were found in obese individuals
compared with lean subjects. It is an important study
because the Bacteroidetes phylum produces acetate
and propionate while the Firmicutes phylum mainly
produces butyrate for primary metabolic function.
Although the study findings do not provide informa-
tion on the causes for dysbiosis, an imbalance within
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the microbiome, the study highlights the link between
host microbiota, digestion, and metabolism.

Microbiome studies that examine the proportion of
the Bacteroidetes and Firmicutes phyla between obese
and lean subjects show the correlation between the
microbiome and fat deposition. Several data show
that there is a significantly reduced level in the abun-
dance of Bacteroidetes and an increased level in the
Firmicutes phyla in obese subjects [60–62]. The Bac-
teroidetes and Firmicutes are the two largest benefi-
cial bacteria found in the human gut, which “together
comprise 90% of the microbiota of the adult gut” and
they play an important role in humanmetabolism and
energy homeostasis [55]; however, other subsequent
studies found no difference between obese and lean
groups in the proportion of Bacteroidetes/Firmicutes
and its relation to obesity development [63–65]. The
discrepancy in the data illustrates that the influence
of the gut microbiome on obesity is complex and mul-
tifactorial.

Nevertheless, the relationship between the micro-
biome and obesity is best illustrated in weight loss
interventional studies [52, 53, 66]. In one of the
studies [66] participants were placed on either fat-re-
stricted diet or a carbohydrate-restricted, low-calorie
diet to monitor their fecal microbiota for 1 year. The
study found an increased abundance of Bacteroidetes
as their body weight decreased, slowly transitioning
from the signature obese group to the lean group. This
suggests that a modification in the gut microbiome
is a personalized therapeutic option for weight-loss
interventions for obese individuals. Although exces-
sive consumption of high-fat and high-calorie diets
and minimal physical activity can result in an energy
imbalance, which subsequently leads to a metabolic
syndrome, future studies on the microbiomics status
of the gut are necessary to gain valuable information
into how genes impact metabolism in obesity devel-
opment [19]. Moreover, the relationship between the
composition of the microbiome and an individual’s
lifestyle choices together with the effects that they
have on the metabolism are crucial steps for future
studies to be able to translate this into precision
obesity prevention.

Proteomics

Proteomics is the study of large-scale analysis and
quantification of proteins present in biological sam-
ples consisting of cells or tissue [67]. It is an impor-
tant area of research to examine the characterization
of the proteome and to better understand the mech-
anism of diseases. For instance, secreted proteins
constitute an important class of molecules expressed
by approximately 10% of the human genome, there-
fore, the serum/plasma proteome provides a useful
resource for monitoring molecular events of patho-
logical changes that occur in obesity [68]. With the
development of MS technology, proteomics has en-

abled the identification and biochemical characteriza-
tion of all the proteins in a cell that are associated with
obesity and its comorbidities. Furthermore, the pro-
teomics approach can detect posttranslational protein
modifications and protein interactions that cannot be
detected by genomics and transcriptomics.

Previous population-based proteomic studies in
obesity have been based on small samples and had
limited analytical and outcome reproducibility [69,
70]. Since then, well-established technologies such
as matrix-assisted laser desorption/ionization cou-
pled with time-of-flight mass spectrometry (MALDI-
TOF-MS), liquid chromatography coupled with elec-
trospray ionization mass spectrometry (LC-ESI-MS),
surface-enhanced laser desorption/ionization TOF
mass spectrometry (SELDI-TOF-MS), and protein mi-
croarray have been improved in large sample analyses
in areas from protein separation to protein identifica-
tion [71].

The characterization of protein expression in or-
gans during obesity can help unveil the biological im-
pact of obesity and a greater understanding of the
metabolic syndrome. Using the latest technology in
MS analysis, a study [72] by Jové et al. investigated
the protein differences in omental and subcutaneous
adipose tissue, a classification of white adipose tissue
of healthy obese individuals. The authors identified 43
differentially expressed proteins including those that
have been linked “to lipid and glucose metabolism,
lipid transport, protein synthesis, and folding inflam-
mation and the cellular stress response” which have
an association with metabolic traits in body mass in-
dex and insulin sensitivity. Subcutaneous adipose tis-
sue is a “fat found under the skin and largely around
the hips, thighs, and buttocks” and omental adipose
tissue is a type of visceral adipose tissue (central obe-
sity), which is an excess accumulation of fat in the
abdominal region and is commonly associated with
metabolic dysfunction [19]. Although the underly-
ing mechanism for this association remains unclear,
adipose tissue exhibits a location-specific lipid profile
that may contribute to obesity and several metabolic
risk factors.

A subsequent study compared the plasma pro-
teomes of two large independent cohorts of obese
patients in Canada and Europe among 1002 obese
individuals using shotgunMS-based proteomic meas-
urements [73]. The study found statistically significant
associations with BMI for the following biomarkers:
complement factor B (CFAB), complement factor H
(CFAH), complement factor I (CFAI), C-reactive pro-
tein (CRP), proline-rich acidic protein 1 (PRAP1), and
the calprotectin complex formed by proteins S100-
A8 and S100-A9. Among these proteins, CRP showed
the strongest association with BMI, which has also
been associated with clinical parameters linked with
obesity and PRAP1 showed a strong positive associa-
tion with fasting insulin levels [74]. Altogether, these
findings suggest that chronic inflammation in obese
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Fig. 2 The three stages
of precision obesity preven-
tion management with the
application of a multi-omics
approach
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persons could represent the underlying reason for the
associations of these biomarkers with obesity.

Integration of multi-omics biomarkers for precision
obesity management

For many years, lifestyle intervention studies have pri-
marily focused on physical activity and diets, which
despite the maintenance of weight loss are a short-
term success and often fall short. Although physi-
cal activity and healthy isocaloric nutrition are impor-
tant tools in the prevention of obesity, treatment, and
risk reduction for secondary diseases, precision obe-
sity management requires a novel approach to move
towards a sustainable lifestyle change.

In a multi-omics approach, the different method-
ologies are combined to examine the effect of the
genome, epigenome, transcriptome, metabolites, mi-
crobiomes, and proteomes in the human organism,
to provide insights into the underlying mechanisms
of obesity development. Therefore, the different types
of omics biomarkers “investigate changes at different
molecular levels, examine the interplay between the
molecules and the roles of different factors involved
in the metabolic health deterioration” [17]. In other
words, it allows better tracking of individual biologi-
cal parameters that subsequently result in obesity, al-
lowing the further depiction of the causal pathway to
obesity. When applied to obesity prevention andman-
agement, each omics type could potentially help to
detect specific biomarkers in people with risk profiles
and perhaps guide healthcare professionals and de-
cision makers develop individualized treatment plans
according to the needs of the individual before the
onset of obesity.

There are several benefits of adopting multi-omics
technologies in clinical and nonclinical settings, prog-
nosis, and obesity prevention. First, multi-omics
technologies can identify the changes in body compo-
sition that precede the onset of obesity to implement
response to treatment and future patient prognosis.
Second, multi-omics technologies can distinguish
obese individuals that are phenotypically (and geno-
typically) heterogeneous. Third, novel therapeutic
approaches and tailored weight-loss management
can be implemented that are in response to the new
biological drivers and particular obesity phenotypes.
Figure 2 depicts a simple illustration of how multi-

omics technologies can be implemented in obesity
precision prevention.

In the early stage, multi-omics can be applied to
support and guide nonsymptomatic and healthy indi-
viduals through various stages of their lives to prevent
the development of obesity and its comorbidities.
This can be achieved through the collection of rou-
tine clinical data, fitness data including data from
spiroergometry and strength tests, data regarding
nutrition, physical activity, mental health resources,
distress, social capital, health literacy, quality of life,
data about body composition, and blood findings.
Moreover, additional population-wide biodata in in-
testinal microbiota, genetics and genomics as well as
metabolomics, and a transferable minimum dataset
can facilitate early-stage obesity prediction. There-
fore, with the assistance of multi-omics technology,
healthcare will be better equipped to address spe-
cific health issues and inequalities in subpopulations
and effectively address the obesity epidemic. More-
over, incorporating multi-omics is a critical step for
healthcare professionals, and policy makers to move
towards implementing lifestyle interventions that will
be balanced between health promotion and disease
prevention, and thus this will subsequently contribute
to maintaining and improving health while ensuring
affordability.

During the intermediate stage, the focus lies on
the treatment of obesity and examination of other
factors such as lifestyle choices, environmental and
societal factors that may have contributed to the
development of obesity. Therefore, a personalized
medicine can be implemented as an effective strategy
to support people or groups with similar genetic or
metabolic blueprints by tailored interventions. One of
the aims of precision medicine is optimizing patient
experiences. With the support of multi-omics, to cre-
ate individualized tailored programs, the rebalancing
between weight management and disease preven-
tion can empower citizens over their own health,
which can improve participation in health promotion
programs. Moreover, tailored lifestyle interventions
and long-term weight-loss strategies can be useful
tools as well as tailored drug therapies and surgical
interventions at the aggregate level.

At the third stage, the multi-omics approach can be
applied for the risk reduction of secondary diseases.
Advanced bioinformatics methods are especially ad-
vantageous to obtain a better understanding of the
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complexity and interactions of the biological systems
that predispose obesity among individuals and to in-
vestigate clusters that exist in the subgroups of obe-
sity. The aim would be to generate big data, based on
individual data sets to draw conclusions on which so-
cial determinants can be addressed through the multi-
omics approach. Furthermore, the multi-omics ap-
proach can support healthcare professionals and de-
cision makers better address the needs of the individ-
uals and the populations at large.

Limitations of the omics approach

In practice, lifestyle interventions can equally be an
important tool for prevention of the onset of obesity
and risk reduction for secondary diseases. Together
withmulti-omics technology, they can help us to iden-
tify and predict individuals with susceptible gene and
obesity risk profiles and guide us to provide a long-
term intervention that is sustainable and effective.

However, for effective lifestyle interventions in pre-
cision obesity management, further work is needed in
the application of the multi-omics approach before it
can be implemented into a concrete intervention. At
the moment, the transformation and interpretation
of epidemiological data into accurate prediction and
prognosis for obesity risk factors remain challenging.
Furthermore, the inconsistent and conflicting results
of epidemiological studies raise uncertainties about
the validity of study designs, sample collection, mea-
surement, and data analysis. The small number of
participants in genome studies is another limitation
that needs to be addressed in future research. Nev-
ertheless, to address the issues of heterogeneity in
sample size, national and international collaborative
research networks can be developed to analyze larger
sample sizes. Moreover, the issues of the interpreta-
tion of omics data can be addressed by increasing the
demand for larger prospective cohort studies to vali-
date findings and determine biomarker reproducibil-
ity before interventions are implemented as a public
health strategy. Finally, further genome studies are
needed to develop analytical infrastructures that can
generate, analyze, and interpret multi-omics data as
a basis for guiding precision obesity prevention strate-
gies.

Conclusion

Obesity is a global public health concern and the need
for precision obesity prevention strategies is now. For-
tunately, technological advancement can provide in-
sights into the underlying mechanisms involved in
obesity development. Multi-omics approaches can
help to detect specific biomarkers in people with risk
profiles and perhaps guide healthcare professionals
and decision makers to develop individualized treat-
ment plans according to the needs of the individ-
ual before the onset of obesity. Understanding the

role of genetic and epigenetic factors and their in-
fluence in the transcriptome, proteome, metabolome,
and microbiome is a critical step towards implement-
ing a lifestyle intervention that is sustainable and ef-
fective. Furthermore, identifying an individual’s sus-
ceptibility to obesity will be a paradigm shift from
a one-size-fits-all approach to an individualized care
package, which is an important determinant for the
success of interventions. Therefore, prevention pro-
grams can be developed to promote overall health and
prevent obesity in the appropriate communities.

However, we must acknowledge that the trans-
formation of large and heterogeneous omics data
into biological knowledge and clinical parameters has
proven challenging especially when different GWAS
studies yield inconsistent results. Moreover, a consis-
tent, statistical validation of biological samples must
be the focus of further research. As such, we must
continue to push forward in research initiatives that
concentrate on addressing the limitations of omics
data and provide guidelines for precision obesity
management strategies.

Funding Open access funding provided by Leiden University
Medical Center (LUMC).

Author Contribution T.E. Dorner and T. Wiesinger worked
onconceptualization. T.E.Dorner, T.Wiesinger, andS.Wolde-
mariam did the formal analysi. T.E. Dorner, K.V. Stein and
S. Woldemariam contributed to writing and preparing the
original draft. T.E. Dorner, S. Woldemariam and K.V. Stein
contributed to the review and editing. All authors have read
and agreed to the published version of the manuscript.

Conflict of interest S.Woldemariam,T.E.Dorner,T.Wiesinger
and K.V. Stein declare that they have no conflict of interest.

Open Access This article is licensed under a Creative Com-
mons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in
anymedium or format, as long as you give appropriate credit
to the original author(s) and the source, provide a link to
the Creative Commons licence, and indicate if changes were
made. The images or other third party material in this article
are included in the article’sCreativeCommons licence, unless
indicated otherwise in a credit line to thematerial. If material
is not included in the article’s Creative Commons licence and
your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permis-
sion directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. WHO. World obesity day: all countries significantly off
track to meet 2025 WHO targets on obesity.. http://s3-
eu-west1.amazonaws.com/woffiles/WOF_Missing_the_
2025_Global_Targets_Report_FINAL_WEB.pdf (Created 4
Mar2020),Pressrelease. Accessed8August2022.

2. World Obesity Federation—WOF. COVID-19 and obesity:
the 2021 atlas. 2021. https://www.worldobesityday.org/
assets/downloads/COVID-19-and-Obesity-The-2021-
Atlas.pdf. Accessed8August2022.

K Multi-omics approaches for precision obesity management 121

http://creativecommons.org/licenses/by/4.0/
http://s3-eu-west1.amazonaws.com/woffiles/WOF_Missing_the_2025_Global_Targets_Report_FINAL_WEB.pdf
http://s3-eu-west1.amazonaws.com/woffiles/WOF_Missing_the_2025_Global_Targets_Report_FINAL_WEB.pdf
http://s3-eu-west1.amazonaws.com/woffiles/WOF_Missing_the_2025_Global_Targets_Report_FINAL_WEB.pdf
https://www.worldobesityday.org/assets/downloads/COVID-19-and-Obesity-The-2021-Atlas.pdf
https://www.worldobesityday.org/assets/downloads/COVID-19-and-Obesity-The-2021-Atlas.pdf
https://www.worldobesityday.org/assets/downloads/COVID-19-and-Obesity-The-2021-Atlas.pdf


review article

3. Anekwe CV, Jarrell AR, Townsend MJ, Gaudier GI, His-
erodt JM, Stanford FC. Socioeconomics of obesity. Curr
Obes Rep. 2020; https://doi.org/10.1007/s13679-020-
00398-7.

4. IzcovichA,RagusaMA,TortosaF,LavenaMMA,AgnolettiC,
Bengolea A, Ceirano A, Espinosa F, Saavedra E, Sanguine V,
Tassara A, Cid C, Catalano HN, Agarwal A, Foroutan F,
Rada G. Prognostic factors for severity and mortality in
patients infected with COVID-19: a systematic review.
PLoSONE. 2020;15(11):e241955. https://doi.org/10.1371/
journal.pone.0241955.

5. SwinburnBA,KraakVI, Allender S, AtkinsVJ, Baker PI, Bog-
ard JR, BrinsdenH, Calvillo A, De Schutter O, Devarajan R,
Ezzati M, Friel S, Goenka S, Hammond RA, Hastings G,
HawkesC,HerreroM,HovmandPS,HowdenM, JaacksLM,
Dietz WH. The global syndemic of obesity, Undernutri-
tion, and climate change: the lancet commission report.
Lancet. 2019;393(10173):791–846. https://doi.org/10.
1016/S0146736(18)32822-8.

6. Spinosa J, Christiansen P, Dickson JM, Lorenzetti V, Hard-
manCA.Fromsocioeconomicdisadvantage toobesity: the
mediating roleofpsychologicaldistressandemotional eat-
ing. Obesity. 2019;27(4):559–64. https://doi.org/10.1002/
oby.22402.

7. Berrington de Gonzalez A, Hartge P, Cerhan JR, Flint AJ,
Hannan L, MacInnis RJ, Moore SC, Tobias GS, Anton-Cul-
ver H, Freeman LB, Beeson WL, Clipp SL, English DR,
Folsom AR, Freedman DM, Giles G, Hakansson N, Hen-
derson KD, Hoffman-Bolton J, Hoppin JA, ThunMJ. Body-
mass index andmortality among 1.46millionwhite adults.
N Engl J Med. 2010;363(23):2211–9. https://doi.org/10.
1056/NEJMoa1000367.

8. Bergman M, Abdul-Ghani M, DeFronzo RA, Manco M,
Sesti G, Fiorentino TV, Ceriello A, Rhee M, Phillips LS,
Chung S, Cravalho C, Jagannathan R, Monnier L, Co-
lette C, Owens D, Bianchi C, Del Prato S, Monteiro MP,
Neves JS, Medina JL, Buysschaert M. Review of methods
for detecting glycemic disorders. Diabetes Res Clin Pract.
2020;165:108233. https://doi.org/10.1016/j.diabres.2020.
108233.

9. National Institutes of Health. What is precision
medicine? 2015. https://ghr.nlm.nih.gov/primer/
precisionmedicine/definition. Accessed8August2022.

10. Ádány R, Pikó P, Fiatal S, Kósa Z, Sándor J, Bíró É, Kósa K,
Paragh G, Bácsné BÉ, Veres-Balajti I, Bíró K, Varga O,
BalázsM.Prevalenceof insulin resistance in theHungarian
general and Roma populations as defined by using data
generatedinacomplexhealth (interviewandexamination)
survey. Int J Environ Res Public Health. 2020;17(13):4833.
https://doi.org/10.3390/ijerph17134833.

11. AardemaMJ,MacGregor JT.Toxicologyandgenetic toxicol-
ogy in theneweraof “toxicogenomics”: impactof “-omics”
technologies. Mutat Res. 2002;499(1):13–25. https://doi.
org/10.1016/s0027-5107(01)00292-5.

12. Lindgren CM, Heid IM, Randall JC, Lamina C, Steinthors-
dottir V, Qi L, Speliotes EK, Thorleifsson G, Willer CJ,
Herrera BM, Jackson AU, Lim N, Scheet P, Soranzo N,
Amin N, Aulchenko YS, Chambers JC, Drong A, Luan J,
Lyon HN. Genome-wide association scan meta-analysis
identifies three Loci influencing adiposity and fat distribu-
tion. PLoSGenet. 2009;5(6):e1000508. https://doi.org/10.
1371/journal.pgen.1000508.

13. MishraN. Scienceof omics: perspectives andprospects for
humanhealth care. IntegrMolMed. 2016;https://doi.org/
10.15761/IMM.1000258.

14. GinsburgGS,PhillipsKA.Precisionmedicine: fromscience
to value. Health Aff. 2018;37(5):694–701. https://doi.org/
10.1377/hlthaff.2017.1624.

15. Prediger E. Consider SNPs when designing PCR and qPCR
assays. Integrated DNA technologies. 2017. https://eu.
idtdna.com/pages/education/decoded/article/consider
ing-snps-when-designing-pcr-and-qpcr-assays. Accessed
8August2022.

16. Matthijs G, Souche E, Alders M, Corveleyn A, Eck S,
Feenstra I, Race V, Sistermans E, Sturm M, Weiss M, Yn-
tema H, Bakker E, Scheffer H, Bauer P. Guidelines for
diagnostic next-generation sequencing. Eur J HumGenet.
2016;24(10):1515. https://doi.org/10.1038/ejhg.2016.63.

17. Hasin Y, Seldin M, Lusis A. Multi-omics approaches to
disease. Genome Biol. 2017;18(1):83. https://doi.org/10.
1186/s13059-017-1215-1.

18. Goodarzi MO. Genetics of obesity: what genetic as-
sociation studies have taught us about the biology of
obesity and its complications. Lancet Diabetes En-
docrinol. 2018;6(3):223–36. https://doi.org/10.1016/
S2213-8587(17)30200-0.

19. HenstridgeD, Bozaoglu K. The omics of obesity. Adiposity
Omics Mol Understand. 2017; https://doi.org/10.5772/
65942.

20. Haupt A, Thamer C, Machann J, Kirchhoff K, Stefan N,
Tschritter O, Machicao F, Schick F, Häring HU, Fritsche A.
Impact of variation in the FTO gene on whole body
fat distribution, ectopic fat, and weight loss. obe-
sity. 2008;16(8):1969–72. https://doi.org/10.1038/oby.
2008.283.

21. Cauchi S, Stutzmann F, Cavalcanti-Proença C, Durand E,
Pouta A, Hartikainen AL, Marre M, Vol S, Tammelin T,
Laitinen J, Gonzalez-Izquierdo A, Blakemore AI, Elliott P,
Meyre D, Balkau B, Järvelin MR, Froguel P. Combined
effects of MC4R and FTO common genetic variants on
obesity in European general populations. J Mol Med.
2009;87(5):537–46. https://doi.org/10.1007/s00109-009-
0451-6.

22. ChungWK, Leibel RL. Considerations regarding the genet-
ics of obesity. obesity. 2008;16(Suppl 3):S33–S9. https://
doi.org/10.1038/oby.2008.514.

23. Heid IM, Jackson AU, Randall JC, Winkler TW, Qi L,
Steinthorsdottir V, Thorleifsson G, Zillikens MC, Spe-
liotes EK, Mägi R, Workalemahu T, White CC, Bouatia-
Naji N, Harris TB, Berndt SI, Ingelsson E, Willer CJ, Wee-
donMN, Luan J, Vedantam S, LindgrenCM.Meta-analysis
identifies 13 new loci associated with waist-hip ratio and
reveals sexual dimorphism in the genetic basis of fat distri-
bution. NatGenet. 2010;42(11):949–60.https://doi.org/10.
1038/ng.685.

24. MalisC,RasmussenEL,PoulsenP,PetersenI,ChristensenK,
Beck-Nielsen H, Astrup A, Vaag AA. Total and regional fat
distribution is strongly influenced by genetic factors in
young and elderly twins. Obes Res. 2005;13(12):2139–45.
https://doi.org/10.1038/oby.2005.265.

25. Wardle J, Carnell S, Haworth CM, Plomin R. Evidence for
a strong genetic influence on childhood adiposity despite
the force of the obesogenic environment. Am J Clin
Nutr. 2008;87(2):398–404. https://doi.org/10.1093/ajcn/
87.2.398.

26. Locke AE, Kahali B, Berndt SI, Justice AE, Pers TH, Day FR,
Powell C, Vedantam S, Buchkovich ML, Yang J, Croteau-
ChonkaDC,EskoT,FallT,FerreiraT,GustafssonS,KutalikZ,
Luan J, Mägi R, Randall JC, Winkler TW, Speliotes EK.
Genetic studies of body mass index yield new insights for
obesity biology. Nature. 2015;518(7538):197–206. https://
doi.org/10.1038/nature14177.

122 Multi-omics approaches for precision obesity management K

https://doi.org/10.1007/s13679-020-00398-7
https://doi.org/10.1007/s13679-020-00398-7
https://doi.org/10.1371/journal.pone.0241955
https://doi.org/10.1371/journal.pone.0241955
https://doi.org/10.1016/S0146736(18)32822-8
https://doi.org/10.1016/S0146736(18)32822-8
https://doi.org/10.1002/oby.22402
https://doi.org/10.1002/oby.22402
https://doi.org/10.1056/NEJMoa1000367
https://doi.org/10.1056/NEJMoa1000367
https://doi.org/10.1016/j.diabres.2020.108233
https://doi.org/10.1016/j.diabres.2020.108233
https://ghr.nlm.nih.gov/primer/precisionmedicine/definition
https://ghr.nlm.nih.gov/primer/precisionmedicine/definition
https://doi.org/10.3390/ijerph17134833
https://doi.org/10.1016/s0027-5107(01)00292-5
https://doi.org/10.1016/s0027-5107(01)00292-5
https://doi.org/10.1371/journal.pgen.1000508
https://doi.org/10.1371/journal.pgen.1000508
https://doi.org/10.15761/IMM.1000258
https://doi.org/10.15761/IMM.1000258
https://doi.org/10.1377/hlthaff.2017.1624
https://doi.org/10.1377/hlthaff.2017.1624
https://eu.idtdna.com/pages/education/decoded/article/considering-snps-when-designing-pcr-and-qpcr-assays
https://eu.idtdna.com/pages/education/decoded/article/considering-snps-when-designing-pcr-and-qpcr-assays
https://eu.idtdna.com/pages/education/decoded/article/considering-snps-when-designing-pcr-and-qpcr-assays
https://doi.org/10.1038/ejhg.2016.63
https://doi.org/10.1186/s13059-017-1215-1
https://doi.org/10.1186/s13059-017-1215-1
https://doi.org/10.1016/S2213-8587(17)30200-0
https://doi.org/10.1016/S2213-8587(17)30200-0
https://doi.org/10.5772/65942
https://doi.org/10.5772/65942
https://doi.org/10.1038/oby.2008.283
https://doi.org/10.1038/oby.2008.283
https://doi.org/10.1007/s00109-009-0451-6
https://doi.org/10.1007/s00109-009-0451-6
https://doi.org/10.1038/oby.2008.514
https://doi.org/10.1038/oby.2008.514
https://doi.org/10.1038/ng.685
https://doi.org/10.1038/ng.685
https://doi.org/10.1038/oby.2005.265
https://doi.org/10.1093/ajcn/87.2.398
https://doi.org/10.1093/ajcn/87.2.398
https://doi.org/10.1038/nature14177
https://doi.org/10.1038/nature14177


review article

27. Shungin D, Winkler TW, Croteau-Chonka DC, Ferreira T,
Locke AE, Mägi R, Strawbridge RJ, Pers TH, Fischer K,
Justice AE, Workalemahu T, Wu J, Buchkovich ML, Heard-
Costa NL, Roman TS, Drong AW, Song C, Gustafsson S,
Day FR, Esko T, Mohlke KL. New genetic loci link adi-
pose and insulin biology to body fat distribution. Na-
ture. 2015;518(7538):187–96. https://doi.org/10.1038/
nature14132.

28. Yengo L, Sidorenko J, Kemper KE, Zheng Z, Wood AR,
Weedon MN, Frayling TM, Hirschhorn J, Yang J, Viss-
cher PM.Meta-analysis of genome-wide association stud-
iesforheightandbodymassindexin∼700000individualsof
European ancestry. HumMol Genet. 2018;27(20):3641–9.
https://doi.org/10.1093/hmg/ddy271.

29. Aleksandrova K, Rodrigues EC, Floegel A, AhrensW. Omics
biomarkers inobesity: noveletiological insightsandtargets
forprecisionprevention. CurrObesRep. 2020;9(3):219–30.
https://doi.org/10.1007/s13679-020-00393-y.

30. HerreraBM,Keildson S, LindgrenCM.Genetics and epige-
netics of obesity. Maturitas. 2011;69(1):41–9. https://doi.
org/10.1016/j.maturitas.2011.02.018.

31. Dominguez-SalasP,MooreSE,BakerMS,BergenAW,CoxSE,
Dyer RA, FulfordAJ, GuanY, LaritskyE, SilverMJ, SwanGE,
Zeisel SH, InnisSM,WaterlandRA,PrenticeAM,HennigBJ.
Maternal nutrition at conception modulates DNA methy-
lation of human metastable epialleles. Nat Commun.
2014;5:3746. https://doi.org/10.1038/ncomms4746.

32. Fransen HP, Peeters PH, Beulens JW, Boer JM, de Wit GA,
Onland-Moret NC, van der Schouw YT, Bueno-de-
Mesquita HB, Hoekstra J, Elias SG, May AM. Exposure
to famine at a young age and unhealthy lifestyle behavior
later in life. PLoS ONE. 2016;11(5):e156609. https://doi.
org/10.1371/journal.pone.0156609.

33. Sayols-BaixerasS, Subirana I, Fernández-SanlésA, SentíM,
Lluís-GanellaC,MarrugatJ,ElosuaR.DNAmethylationand
obesity traits: An epigenome-wide association study. The
REGICORstudy. Epigenetics. 2017;12(10):909–16. https://
doi.org/10.1080/15592294.2017.1363951.

34. Casamassimi A, Federico A, RienzoM, Esposito S, Ciccod-
icola A. Transcriptome profiling in human diseases: new
advancesandperspectives. IJMS. 2017;18(8):1652.https://
doi.org/10.3390/ijms18081652.

35. Homuth G, Wahl S, Müller C, Schurmann C, Mäder U,
Blankenberg S, Carstensen M, Dörr M, Endlich K, En-
glbrecht C, Felix SB, Gieger C, Grallert H, Herder C, Illig T,
Kruppa J, Marzi CS, Mayerle J, Meitinger T, Metspalu A,
Zeller T. Extensive alterations of the whole-blood tran-
scriptome are associated with body mass index: results of
an mRNA profiling study involving two large population-
based cohorts. BMC Med Genomics. 2015;8:65. https://
doi.org/10.1186/s12920-015-0141-x.

36. SchererPE.Adiposetissue: fromlipidstoragecompartment
toendocrineorgan. Diabetes. 2006;55(6):1537–45.https://
doi.org/10.2337/db06-0263.

37. GhoshS,DentR,HarperME,GormanSA,StuartJS,McPher-
son R. Gene expression profiling in whole blood identifies
distinct biological pathways associated with obesity. BMC
MedGenomics. 2010;3:56. https://doi.org/10.1186/1755-
8794-3-56.

38. Chen X, Liang H, Zhang J, Zen K, Zhang CY. Secreted
microRNAs: a new form of intercellular communication.
Trends Cell Biol. 2012;22(3):125–32. https://doi.org/10.
1016/j.tcb.2011.12.001.

39. Iacomino G, Siani A. Role of microRNAs in obesity and
obesity-related diseases. Genes Nutr. 2017;12:23. https://
doi.org/10.1186/s12263-017-0577-z.

40. Landrier JF, Derghal A, Mounien L. MicroRNAs in obesity
and related metabolic disorders. Cells. 2019;8(8):859.
https://doi.org/10.3390/cells8080859.

41. Putri SP, Yamamoto S, Tsugawa H, Fukusaki E. Current
metabolomics: technological advances. J Biosci Bioeng.
2013;116(1):9–16. https://doi.org/10.1016/j.jbiosc.2013.
01.004.

42. Griffiths WJ, Koal T, Wang Y, Kohl M, Enot DP, Deigner HP.
Targeted metabolomics for biomarker discovery. ange-
wandte Chem (international Ed English). 2010;49(32):
5426–45. https://doi.org/10.1002/anie.200905579.

43. Park S, Sadanala KC, Kim EK. A metabolomic approach
to understanding the metabolic link between obesity and
diabetes. MolCells. 2015;38(7):587–96. https://doi.org/10.
14348/molcells.2015.0126.

44. Xie B,WatersMJ, SchirraHJ. Investigating potential mech-
anisms of obesity bymetabolomics. J Biomed Biotechnol.
2012;2012:805683. https://doi.org/10.1155/2012/805683.

45. Kleinendorst L, MassinkM, CooimanMI, SavasM, van der
Baan-Slootweg OH, Roelants RJ, Janssen I, Meijers-Hei-
jboer HJ, Knoers N, Ploos van Amstel HK, van Rossum E,
van den Akker E, van Haaften G, van der Zwaag B, van
Haelst MM. Genetic obesity: next-generation sequenc-
ing results of 1230 patients with obesity. J Med Genet.
2018;55(9):578–86. https://doi.org/10.1136/jmedgenet-
2018-105315.

46. Hellmuth C, Kirchberg FF, Lass N, Harder U, Peissner W,
Koletzko B, Reinehr T. Tyrosine is associated with insulin
resistance in longitudinal metabolomic profiling of obese
children. J Diabetes Res. 2016; https://doi.org/10.1155/
2016/2108909.

47. Yu HT, Fu XY, Xu B, Zuo LL, Ma HB, Wang SR. Untargeted
metabolomics approach (UPLC-Q-TOF-MS) explores the
biomarkers of serumandurine inoverweight/obeseyoung
men. AsiaPac JClinNutr. 2018;27(5):1067–76. https://doi.
org/10.6133/apjcn.052018.07.

48. Yamakado M, Nagao K, Imaizumi A, Tani M, Toda A,
Tanaka T, Jinzu H, Miyano H, Yamamoto H, Daimon T,
Horimoto K, Ishizaka Y. Plasma free amino acid profiles
predict four-year risk of developing diabetes, metabolic
syndrome, dyslipidemia, and hypertension in Japanese
population. Sci Rep. 2015;5:11918. https://doi.org/10.
1038/srep11918.

49. WiklundPK, Pekkala S, Autio R,Munukka E, Xu L, Saltevo J,
Cheng S, Kujala UM, Alen M, Cheng S. Serum metabolic
profiles in overweight and obese women with andwithout
metabolic syndrome. DiabetolMetabSyndr. 2014; https://
doi.org/10.1186/1758-5996-6-40.

50. Chen HH, Tseng YJ, Wang SY, Tsai YS, Chang CS, Kuo TC,
Yao WJ, Shieh CC, Wu CH, Kuo PH. The metabolome
profiling and pathway analysis in metabolic healthy
and abnormal obesity. Int J Obes Relat Metab Disord.
2015;39(8):1241–8. https://doi.org/10.1038/ijo.2015.65.

51. den Besten G, van Eunen K, Groen AK, Venema K, Reijn-
goud DJ, Bakker BM. The role of short-chain fatty acids in
theinterplaybetweendiet, gutmicrobiota, andhostenergy
metabolism. J Lipid Res. 2013;54(9):2325–40. https://doi.
org/10.1194/jlr.R036012.

52. Slavin JL. Dietary fiber and body weight. Nutrition.
2005;21(3):413–8. https://doi.org/10.1016/j.nut.2004.08.
018.

53. Halton TL, Hu FB. The effects of high protein diets on
thermogenesis, satiety and weight loss: a critical review.
J Am Coll Nutr. 2004;23(5):373–85. https://doi.org/10.
1080/07315724.2004.10719381.

K Multi-omics approaches for precision obesity management 123

https://doi.org/10.1038/nature14132
https://doi.org/10.1038/nature14132
https://doi.org/10.1093/hmg/ddy271
https://doi.org/10.1007/s13679-020-00393-y
https://doi.org/10.1016/j.maturitas.2011.02.018
https://doi.org/10.1016/j.maturitas.2011.02.018
https://doi.org/10.1038/ncomms4746
https://doi.org/10.1371/journal.pone.0156609
https://doi.org/10.1371/journal.pone.0156609
https://doi.org/10.1080/15592294.2017.1363951
https://doi.org/10.1080/15592294.2017.1363951
https://doi.org/10.3390/ijms18081652
https://doi.org/10.3390/ijms18081652
https://doi.org/10.1186/s12920-015-0141-x
https://doi.org/10.1186/s12920-015-0141-x
https://doi.org/10.2337/db06-0263
https://doi.org/10.2337/db06-0263
https://doi.org/10.1186/1755-8794-3-56
https://doi.org/10.1186/1755-8794-3-56
https://doi.org/10.1016/j.tcb.2011.12.001
https://doi.org/10.1016/j.tcb.2011.12.001
https://doi.org/10.1186/s12263-017-0577-z
https://doi.org/10.1186/s12263-017-0577-z
https://doi.org/10.3390/cells8080859
https://doi.org/10.1016/j.jbiosc.2013.01.004
https://doi.org/10.1016/j.jbiosc.2013.01.004
https://doi.org/10.1002/anie.200905579
https://doi.org/10.14348/molcells.2015.0126
https://doi.org/10.14348/molcells.2015.0126
https://doi.org/10.1155/2012/805683
https://doi.org/10.1136/jmedgenet-2018-105315
https://doi.org/10.1136/jmedgenet-2018-105315
https://doi.org/10.1155/2016/2108909
https://doi.org/10.1155/2016/2108909
https://doi.org/10.6133/apjcn.052018.07
https://doi.org/10.6133/apjcn.052018.07
https://doi.org/10.1038/srep11918
https://doi.org/10.1038/srep11918
https://doi.org/10.1186/1758-5996-6-40
https://doi.org/10.1186/1758-5996-6-40
https://doi.org/10.1038/ijo.2015.65
https://doi.org/10.1194/jlr.R036012
https://doi.org/10.1194/jlr.R036012
https://doi.org/10.1016/j.nut.2004.08.018
https://doi.org/10.1016/j.nut.2004.08.018
https://doi.org/10.1080/07315724.2004.10719381
https://doi.org/10.1080/07315724.2004.10719381


review article

54. Ursell LK, Metcalf JL, Parfrey LW, Knight R. Defining the
humanmicrobiome. Nutr Rev. 2012;70(Suppl 1):S38–S44.
https://doi.org/10.1111/j.1753-4887.2012.00493.x.

55. JohnGK,MullinGE.Thegutmicrobiomeandobesity. Curr
Oncol Rep. 2016; https://doi.org/10.1007/s11912-016-
0528-7.

56. Shao X, Ding X, Wang B, Li L, An X, Yao Q, Song R, Zhang
JA. Antibiotic exposure in early life increases risk of child-
hoodobesity: asystematic reviewandmeta-analysis. Front
Endocrinol. 2017;8:170. https://doi.org/10.3389/fendo.
2017.00170.

57. Cox LM,BlaserMJ. Antibiotics in early life and obesity. Nat
Rev Endocrinol. 2015;11(3):182–90. https://doi.org/10.
1038/nrendo.2014.210.

58. Block JP, Bailey LC, Gillman MW, Lunsford D, Daley MF,
Eneli I, Finkelstein J, Heerman W, Horgan CE, Hsia DS,
Jay M, Rao G, Reynolds JS, Rifas-Shiman SL, Sturtevant JL,
Toh S, Trasande L, Young J, Forrest CB, & PCORnet Antibi-
otics and ChildhoodGrowth Study Group. Early antibiotic
exposure and weight outcomes in young children. Pedi-
atrics. 2018;142(6):e20180290. https://doi.org/10.1542/
peds.2018-0290.

59. Morrison DJ, Preston T. Formation of short chain fatty
acids by the gut microbiota and their impact on human
metabolism. Gut Microbes. 2016;7(3):189–200. https://
doi.org/10.1080/19490976.2015.1134082.

60. MussoG,GambinoR,CassaderM.Interactionsbetweengut
microbiota and host metabolism predisposing to obesity
anddiabetes. AnnuRevMed. 2011;62:361–80. https://doi.
org/10.1146/annurev-med-012510-175505.

61. Delzenne NM, Cani PD. Interaction between obesity and
the gut microbiota: relevance in nutrition. Annu Rev
Nutr. 2011;31:15–31. https://doi.org/10.1146/annurev-
nutr-072610-145146.

62. Turnbaugh PJ, Ley RE, Mahowald MA, Magrini V,
Mardis ER, Gordon JI. An obesity-associated gut mi-
crobiome with increased capacity for energy harvest.
Nature. 2006;444(7122):1027–31. https://doi.org/10.1038/
nature05414.

63. Collado MC, Isolauri E, Laitinen K, Salminen S. Distinct
composition of gut microbiota during pregnancy in over-
weight and normal-weight women. Am J Clin Nutr.
2008;88(4):894–9. https://doi.org/10.1093/ajcn/88.4.894.

64. Duncan SH, Lobley GE, Holtrop G, Ince J, Johnstone AM,
LouisP,FlintHJ.Humancolonicmicrobiotaassociatedwith
diet, obesityandweight loss. Int JObesRelatMetabDisord.
2008;32(11):1720–4. https://doi.org/10.1038/ijo.2008.155.

65. Schwiertz A, Taras D, Schäfer K, Beijer S, BosNA, Donus C,
Hardt PD. Microbiota and SCFA in lean and overweight

healthy subjects. Obesity. 2010;18(1):190–5. https://doi.
org/10.1038/oby.2009.167.

66. Ley RE, Turnbaugh PJ, Klein S, Gordon JI. Microbial ecol-
ogy: human gut microbes associated with obesity. Na-
ture. 2006;444(7122):1022–3. https://doi.org/10.1038/
4441022a.

67. Graves PR, Haystead TA. Molecular biologist’s guide to
proteomics. Microbiol Mol Biol Rev. 2002;66(1):39–63.
https://doi.org/10.1128/MMBR.66.1.39-63.2002.

68. Pardo M, Roca-Rivada A, Seoane LM, Casanueva FF.
Obesidomics: contribution of adipose tissue secretome
analysis toobesity research. Endocrine. 2012;41(3):374–83.
https://doi.org/10.1007/s12020-012-9617-z.

69. Geyer PE, Wewer Albrechtsen NJ, Tyanova S, Grassl N,
Iepsen EW, Lundgren J, Madsbad S, Holst JJ, Torekov SS,
MannM.Proteomics reveals theeffectsof sustainedweight
loss on the human plasma proteome. Mol Syst Biol.
2016;12(12):901. https://doi.org/10.15252/msb.20167357.

70. Garrison CB, Lastwika KJ, Zhang Y, Li CI, Lampe PD.
Proteomic analysis, immune dysregulation, and path-
way interconnections with obesity. J Proteome Res.
2017;16(1):274–87. https://doi.org/10.1021/acs.jproteome.
6b00611.

71. Masood A, Benabdelkamel H, Alfadda AA. Obesity pro-
teomics: anupdateon the strategies and tools employed in
thestudyofhumanobesity.HighThroughput. 2018;7(3):27.
https://doi.org/10.3390/ht7030027.

72. Jové M, Moreno-Navarrete JM, Pamplona R, Ricart W,
Portero-OtínM, Fernández-Real JM. Human omental and
subcutaneousadipose tissueexhibit specific lipidomicsig-
natures. FASEB J. 2014;28(3):1071–81. https://doi.org/10.
1096/fj.13-234419.

73. Cominetti O, Núñez Galindo A, Corthésy J, Valsesia A,
Irincheeva I, KussmannM,SarisW,AstrupA,McPhersonR,
Harper ME, Dent R, Hager J, Dayon L. Obesity shows
preserved plasma proteome in large independent clinical
cohorts. SciRep. 2018;8(1):16981. https://doi.org/10.1038/
s41598-018-35321-7.

74. Fernandez-RealJM,PugeatM,GrasaM,BrochM,VendrellJ,
Brun J, Ricart W. Serum corticosteroid-binding globulin
concentration and insulin resistance syndrome: a popula-
tion study. J Clin EndocrinolMetab. 2002;87(10):4686–90.
https://doi.org/10.1210/jc.2001-011843.

Publisher’sNote SpringerNature remainsneutralwith regard
to jurisdictional claims in published maps and institutional
affiliations.

124 Multi-omics approaches for precision obesity management K

https://doi.org/10.1111/j.1753-4887.2012.00493.x
https://doi.org/10.1007/s11912-016-0528-7
https://doi.org/10.1007/s11912-016-0528-7
https://doi.org/10.3389/fendo.2017.00170
https://doi.org/10.3389/fendo.2017.00170
https://doi.org/10.1038/nrendo.2014.210
https://doi.org/10.1038/nrendo.2014.210
https://doi.org/10.1542/peds.2018-0290
https://doi.org/10.1542/peds.2018-0290
https://doi.org/10.1080/19490976.2015.1134082
https://doi.org/10.1080/19490976.2015.1134082
https://doi.org/10.1146/annurev-med-012510-175505
https://doi.org/10.1146/annurev-med-012510-175505
https://doi.org/10.1146/annurev-nutr-072610-145146
https://doi.org/10.1146/annurev-nutr-072610-145146
https://doi.org/10.1038/nature05414
https://doi.org/10.1038/nature05414
https://doi.org/10.1093/ajcn/88.4.894
https://doi.org/10.1038/ijo.2008.155
https://doi.org/10.1038/oby.2009.167
https://doi.org/10.1038/oby.2009.167
https://doi.org/10.1038/4441022a
https://doi.org/10.1038/4441022a
https://doi.org/10.1128/MMBR.66.1.39-63.2002
https://doi.org/10.1007/s12020-012-9617-z
https://doi.org/10.15252/msb.20167357
https://doi.org/10.1021/acs.jproteome.6b00611
https://doi.org/10.1021/acs.jproteome.6b00611
https://doi.org/10.3390/ht7030027
https://doi.org/10.1096/fj.13-234419
https://doi.org/10.1096/fj.13-234419
https://doi.org/10.1038/s41598-018-35321-7
https://doi.org/10.1038/s41598-018-35321-7
https://doi.org/10.1210/jc.2001-011843

	Multi-omics approaches for precision obesity management
	Summary
	Introduction
	Genotyping
	Genomics
	Epigenomics
	Transcriptomics

	Phenotyping
	Metabolomics
	Microbiomics
	Proteomics
	Integration of multi-omics biomarkers for precision obesity management
	Limitations of the omics approach

	Conclusion
	References


