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Worldwide obesity has more than doubled since 1980 and at least 2.8 million people die
each year as a result of being overweight or obese. An elevated body weight is the result of
the interplay between susceptibility gene variants and an obesogenic environment, and recent
evidence shows that epigenetic processes are likely involved. The growing availability of high-
throughput technologies has made it possible to assess quickly the entire epigenome of large
samples at a relatively low cost. As a result, vast amounts of data have been generated and
researchers are now confronted to both bioinformatic and biostatistic challenges to make sense
of such data in the context of obesity and its complications. In this doctoral thesis, we explored
associations between the human blood methylome and obesity-associated gene variants as
well as dietary fat quality and quantity. We used well described preprocessing techniques and
statistical methods, along with publicly available data from consortiums and other research
groups, as well as tools for pathway enrichment and chromatin state inference. We found
associations between obesityassociated SNPs and methylation levels at proximal promoters and
enhancers, and some of these associations were replicated in multiple tissues. We also found
that contrary to dietary fat quantity, dietary fat quality associates with methylation levels in
the promoter of genes involved in metabolic pathways. Then, using a gene-targeted approach,
we looked at the impact of an acute environmental stress (sleep loss) on the methylation and
transcription levels of circadian clock genes in skeletal muscle and adipose tissue of healthy
men. We found that a single night of wakefulness can alter the epigenetic and transcriptional
profile of core circadian clock genes in a tissue-specific manner. Finally, we looked at the
effects of chronic maternal obesity and subsequent weight loss on the transcription of epigenetic
machinery genes in the fetus and placenta of mice. We found that the transcription of epigenetic
machinery genes is highly sensitive to maternal weight trajectories, and particularly those of
the histone acetylation pathway. Overall, this thesis demonstrated that genetics, obesogenic
environment stimuli and maternal programming impact epigenetic marks at genomic locations
relevant in the pathogenesis of obesity.
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An apple a day will keep anyone away if thrown hard enough.

Unknown

If your experiment needs statistics, you ought to do a better experiment.

Lord Ernest Rutherford
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Introduction 

1. The roots of obesity and its disastrous consequences 
1.1. Obesity: a huge health and economic burden 
 Overweight and obesity are defined as an abnormal or exces-
sive fat accumulation that presents a risk to health. A crude population 
measure of obesity is the body mass index (BMI), a person’s weight (in kil-
ograms) divided by the square of his or her height (in meters). A person with 
a BMI of 30 or more is generally considered obese, and a person with a BMI 
equal to or more than 25 is considered overweight. Overweight and obesity 
are major risk factors for a number of chronic diseases, including type 2 
diabetes (T2D) [1], cardiovascular diseases [1], certain types of cancer [1], 
osteoarthritis [2], nonalcoholic fatty liver disease [3]. Moreover, obesity is 
associated with physical conditions such as gallbladder disease [4], obstruc-
tive sleep apnoea [5] and gout [6] (Figure 1). It is also at odds with societal 
ideals of thinness, thus causing depression because of social stigmatization 
and discrimination [7], particularly in women. Despite the fact that it kills, 
directly or indirectly, an estimated 2.8 million people each year [8], it was 
only in 2013 that obesity was classified as a chronic disease by the American 
Medical Association [9]. Worldwide obesity has more than doubled since 
1980, and what was once considered a problem only in high income coun-
tries is now hitting low- and middle-income countries, particularly urban 
settings. In 2014, 38% of men (Figure 2A) and 40% of women (Figure 2B) 
aged 18 years and over were overweight [8]. Not only does obesity shorten 
lifespan and lower quality of life, but it also costs billions of dollars to health 
care. A couple of studies have tried to give a more precise estimate of this 
cost, but they showed great heterogeneity in terms of scope, data sources, 
data quality and methodological approaches [10]. Yet, a consistent finding 
was that direct cost make up about half of the total cost and is attributable to 
treating comorbidities such as cardiovascular disease and T2D while indirect 
cost is attributable to work absenteeism, early retirement and disability [10]. 
It is therefore clear that obesity presents a huge health and economic burden, 
and we need to uncover the aetiology of this disease to implement the best 
prevention and treatment strategies. 
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Figure 1. Obesity-associated comorbidities. 

Taken from [11] 
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Figure 2. Mean body mass index by country, ages 18+, age standardized, 2014. 

(A) Male (B) Female. Reprinted from Global Health Observatory Map Gallery, Page 
No.1, Copyright (2015) [12] 
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1.2. The relative contribution of genetics and the environment to 
obesity 
 What causes obesity? At an individual level and in most cas-
es, a positive energy balance (i.e. higher energy intake than energy ex-
penditure) is responsible for weight gain over time. Of the rare cases of ear-
ly-onset, severe obesity, 7% can be explained by single point DNA muta-
tions in genes that play a key role in appetite regulation, such as leptin 
(LEP), melanocortin 4 receptor (MC4R) and proopiomelanocortin (POMC) 
[13]. However, it is clear that genetic variation in humans has not changed 
appreciably in the past 50 years and therefore cannot account for the recent 
increase in obesity prevalence. It is rather the dramatic change in lifestyle in 
high-income and developing countries that explains the epidemic. Since the 
1960s, the daily energy consumption per capita has increased by 31% 
worldwide, and the proportion of energy intake derived from fat by 7% [14]. 
Moreover, around 23% of adults and an alarming 81% of adolescents were 
not active enough in 2010, partly due to inaction during leisure time, seden-
tary behaviour on the job and at home [8]. Other obesogenic environmental 
exposures have been suggested to participate in the recent obesity epidemic 
[15] (Figure 3). (1) Short sleep duration, impaired sleep quality and irregu-
lar sleep-wake patterns disturb central nervous neuroendocrine pathways 
controlling energy homoeostasis, food intake, and adipocyte function [16]. 
(2) Endocrine disruptors present in food, plastics, cigarettes, and fossil 
fuels have the ability to increase the number of adipocytes and/or the storage 
of fat in existing adipocytes, particularly if exposure happened early in life 
[17]. (3) Increased maternal age is associated with a higher risk of obesity 
in offspring, partly because older mothers produce babies that are small or 
large for gestational age [18,19]. (4) Prenatal and early-postnatal nutri-
tion, such as under- or over-nutrition during pregnancy, can alter the pro-
jected growth pattern of various organs and systems of the body, conferring 
to the offspring an increased risk of metabolic disease [20]. (5) The increase 
in the use of certain medications like psychotropics [21], antihypertensives 
[22], and antidiabetics [23] exert a small yet significant effect on weight gain 
over time. Yet, it is puzzling to see that some people remain slim while oth-
ers gain weight, despite being confronted to similar risk factors. Are some 
people genetically more susceptible to weight gain? 
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Figure 3. The relative contribution of genetics and the environment to the variance 
in metabolic traits and to individual metabolic parameters. 

At the population level, genetics and the environment both explain ~50% of the 
variance in metabolic traits; at an individual level, genetics and some environmental 
factors (perinatal conditions, maternal age) act as predisposing agents that confer an 
increased or decreased risk for developing metabolic disorders. Epigenetics is the 
main mechanism (albeit not the only one) that has been proposed to explain how 
gene variants and the environment interact to impact the phenotype. 

One way to answer this question is to estimate the proportion of variance 
in BMI or other metabolic traits (e.g. waist-to-hip ratio) in the population 
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that is explained by genetics. This so-called "heritability" of metabolic traits 
has been estimated by family, twin and adoption studies, by comparing the 
observed and expected resemblance between relatives [24]. A recent meta-
analysis of the heritability of human traits based on fifty years of twin stud-
ies estimated that 58% of the variance in metabolic traits, 51% of the vari-
ance in endocrine, nutritional and metabolic diseases and 48% of the vari-
ance in general metabolic functions is explained by genetic factors [25]. 
However, family and adoption studies usually report higher heritability esti-
mates, because twin studies assume equal shared environments in identical 
and non-identical twin pairs, and because family studies cannot discriminate 
between genetics and shared environment [26]. Overall, these figures sug-
gest that genetic factors account for about half of the natural variation in 
metabolic function in the general population, and environmental factors ac-
count for the other half. 

Unfortunately, the concept of heritability is often misunderstood by the 
scientific community. It is important to stress that the concept of “heritabil-
ity” has a meaning only at a population level, but does not explain a trait at 
the individual level (Figure 3). Therefore, if metabolic traits were estimated 
to have a heritability of ~50%, this in no way means that the metabolic traits 
of a given individual are due to his genetic makeup at 50% and to his envi-
ronment at 50%. A heritability of 100% for a given trait does not imply that 
the trait is 100% genetic, but that variance in the trait in the population can 
be explained at 100% by genetic variation. For example, if we were to take a 
(hypothetical) population of elite athletes whose training regime and diet 
have been tightly controlled to be identical since birth (for the sake of the 
example, we do not consider any perinatal effects here), the observed varia-
tions in performance at a sprint test would be exclusively explained by ge-
netic variation since their environments were strictly identical. That does not 
imply that the performance at the sprint test has no environmental basis: it is 
largely influenced by the intensity of the training regime, sleep and diet qual-
ity, etc. Conversely, a heritability of 0% does not mean that a trait has no 
genetic basis, but that variation in the trait in the population under study can 
be explained at 100% by the environment. For example, if we were to con-
sider the population of Japan where everybody is dark-haired, observed vari-
ations in hair colour would be exclusively due to environmental factors such 
as sunlight exposure, use of hair dye, stress, etc. That does not mean that hair 
colour has no genetic basis! It is also important to note that heritability esti-
mates change when the population under study changes. If we come back to 
the hair colour example and if we were to consider the world population 
instead of the Japanese population, heritability of hair colour would no long-
er be 0%, but much higher because of the added genetic diversity in genes 
responsible for hair colour. To further illustrate that heritability is deeply 
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population-dependent, it is useful to note that heritability estimates can 
change over time because the variance in genetic values can change, the 
variation due to environmental factors can change, or the correlation be-
tween genes and environment can change [24]. Three questions follow on: 
given the high heritability of metabolic traits, which genetic variants con-
tribute to obesity? How do they act at the molecular level? How do they 
interact with environmental factors? 

1.3. Genome-wide association studies (GWASs) and the problem 
of missing heritability 
 The human genome is characterized by genetic variations that 
can happen at a small scale (1-50 bp), an intermediate scale (50-3000 bp), or 
at a large scale (>3000 bp) (Table 1). GWASs have been undertaken to see 
whether some of the ~100,000,000 single nucleotide polymorphisms (SNPs) 
present in the human genome [27] show allele frequencies that associate 
with metabolic traits and obesity risk [28–46]. Unfortunately, they have pre-
dominantly been conducted in populations of European ancestry, despite the 
fact that metabolic disorders are more prevalent in populations of African 
descent [47,48] and Hispanics [48]. Nevertheless, GWASs have identified at 
least 160 loci, some of which located near genes that were already discov-
ered in monogenic forms of obesity [13], and some near genes that provide 
support for the central nervous system such as brain-derived neurotrophic 
factor (BDNF), MC4R and neuronal growth regulator 1 (NEGR1) [45] (Fig-
ure 4). However, the annotation of risk variants to specific genes is not 
straightforward, since most of them are located in non-coding and regulatory 
regions of the genome [49], they do not necessarily regulate the nearest 
gene, they may regulate several genes at once, and they may regulate specif-
ic genes in specific tissues during specific developmental windows. Fat mass 
and obesity associated (FTO) is an excellent textbook case of this paradigm. 
SNPs in the first intron of FTO were found to associate with a variety of 
metabolic traits such as BMI, hip circumference and appetite, and they form 
the locus with the largest effect size on BMI [50]. Following these findings, 
FTO deletion and overexpression experiments in rodents suggested that FTO 
acts both in the brain to regulate energy balance and in other tissues to modi-
fy body composition, but links between the risk variants identified in 
GWASs and FTO expression levels have remained elusive. Recently, it has 
been reported that the discovered SNPs appear functionally connected not 
with FTO but with three neighbouring genes: Iroquois homeobox 3 (IRX3), 
Iroquois homeobox 5 (IRX5) and RPGRIP1-like (RPGRIP1L) [51] (Figure 
5A). The first intron of FTO contains a binding site for the transcription fac-
tor (TF) cut like homeobox 1 (CUX1) which, through regulation of 
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RPGRIP1L expression, modulates leptin receptor localization within neurons 
[51]. This intron also contains an enhancer sequence which directly binds to 
the promoter of IRX3 and IRX5 when the FTO rs1421085 risk allele is pre-
sent [52], and this leads to repressed mitochondrial thermogenesis in preadi-
pocytes [53] (Figure 5B). 

 
 

Scale Name Type Size 
Number in 
the human 

genome 

Small 

Single nucleotide 
polymorphism 
(SNP) 

Substitution 1 bp ~100,000,000 
[27] 

Small insertion and 
deletion (INDEL) 

Insertion 
1-50 bp ~1000-

200,000 [54] Deletion 

Interme-
diate 

(structural 
variation) 

Copy number var-
iation (CNV) 

Deletion 
50-3,000 bp 

~11,000-
23,000 [55] 

Duplication ~1,100-3,200 
[55] 

Microsatellites Short tandem 
repeats (STRs) 

2-9 bp repeat-
ed 5-50 times 

~3,000,000 
[56] 

Minisatellites 
Variable number 
tandem repeats 
(VNTRs) 

10-60 bp re-
peated 5-50 
times 

~150,000 [57] 

Large 

Structural abnor-
mality 

Insertion 

> 3,000 bp N/A 
Deletion 
Duplication 
Substitution 
Translocation 

Numerical abnor-
mality (aneuploidy) 

Monosomy 
Entire chro-
mosome N/A Trisomy 

Tetra-
somy/pentasomy 

Table 1. Types of genetic variations in the human genome. 
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Figure 4. Overview of the genes located in the vicinity of loci identified by GWAS. 

(A) Summary of loci found by genome-wide association studies to be associated 
with body mass index (BMI), waist circumference (waist), waist–hip ratio (WHR), 
extreme obesity phenotypes (extremes) or BMI-adjusted WHR (BMIadjWHR) with 
p < 5 × 10−8. Taken from [35] (B) Tissues and reconstituted gene sets significantly 
enriched for genes within BMI-associated loci. Taken from [45] 
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Figure 5. The FTO locus. 

(A) Long-range interactions at the FTO-IRX3 locus. Mouse embryo 4C-seq interac-
tions emanating from each promoter are displayed as links across the circle (darker 
link implies greater significance). Outer plots show significance of interactions 
above background (−log(P value)). The obesity-associated interval is highlighted 
red. Taken from [52] (B) Summary of the mechanistic model of the FTO locus asso-
ciation with obesity, implicating a developmental shift favouring lipid-storing white 
adipocytes over energy-burning beige adipocytes. At its core lies a single-nucleotide 
T-to-C variant, rs1421085, which disrupts a conserved ARID5B repressor motif and 
activates a mesenchymal superenhancer and its targets (IRX3 and IRX5), leading to 
reduced heat dissipation by mitochondrial thermogenesis (a process that is regulated 
by UCP1, PGC1α, and PRDM16) and to increased lipid storage in white adipocytes. 
Taken from [53] 
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Despite these well-conducted studies that show how SNPs in the first in-
tron of FTO contribute to the pathogenesis of obesity, the fact remains that 
the effect size of these SNPs is extremely low (0.10-0.34% of explained 
variance in BMI) [50]. Actually, all ~160 identified loci collectively explain 
less than 5% of variance in BMI [58], and we still do not know what the 
remaining ~45% of variance stems from, a problem that has been termed 
“missing heritability” [59]. Missing heritability has been suggested to have 
several potential sources that are not mutually exclusive [60]: 

(1) Copy number variations (CNVs) not investigated in most GWAS, 
such as deletions, insertions and duplications of segments of the genome. 
Genome-wide CNV analyses for obesity are scarce, partly because CNVs are 
notoriously difficult to measure [61]. Only one of the 84 BMI/obesity-
associated CNVs discovered so far was replicated in another cohort, and it 
explained only 0.1% of the variance in BMI [62], suggesting that this hy-
pothesis is unlikely. 

(2) Rare SNPs that are not captured by the currently available commer-
cial SNP arrays nor well tagged by the SNPs on the arrays and with large 
effect sizes. Rare variants may contribute quite substantially to the variance 
in BMI, and using a new analytical framework for the design of rare variant 
association studies will certainly help [63]. 

(3) Common SNPs with such small effect sizes that they cannot be iden-
tified with the current sample sizes used in GWAS. Yang et al. recently per-
formed simulations based on whole-genome sequencing data, and they man-
aged to capture ~97% and ~68% of variation at common and rare variants by 
imputation. They found that the added effects of 17 million imputed vari-
ants explained 27% of the variance in BMI (25% for common variants and 
2% for rare variants) [64], giving a strong case for this hypothesis. 

(4) Epistasis between SNPs (non-additive effects). In their recent meta-
analysis of twin studies, Polderman et al. gave the proportion of individual 
studies that are compatible with a parsimonious model where the variance is 
solely due to additive genetic variation, for a large number of traits. Interest-
ingly, 60% of studies were compatible with this model for metabolic traits, 
69% for endocrine and 72% for nutritional traits. However, only 48% of 
studies were compatible with this model for weight maintenance functions 
[25], suggesting that this hypothesis is unlikely but impossible to rule out 
completely. 

(5) Parent-of-origin effects such as genomic imprinting. This hypothesis 
involves the ~100 genes in humans that are known to be imprinted [65], and 
they correspond to genes with monoallelic expression that depends upon 
whether it resided in a male or female the previous generation. Sequence 
variants located close to imprinted genes would then show consequences on 
the phenotype only if they are inherited from the mother of the father, but it 
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is unclear how prevalent this phenomenon is in metabolic disorders. Three 
loci were suggested to have parent-of-origin effects on BMI in European 
American [66], and a later study on 38167 Icelanders revealed three SNPs 
that exhibit parental-origin specific associations for T2D [67]. More recent-
ly, potential parent-of-origin effects were reported within FTO [68], 
Apolipoprotein B (APOB) [69], Solute carrier family 2 member 10 
(SLC2A10) and potassium two pore domain channel subfamily K member 9 
(KCNK9) [70]. Animal models provide a better picture of the global contri-
bution of parent-of-origin to the heritability, since breeding is controlled and 
the genotypes of both parents and offspring can be obtained. In 2014, the 
heterogeneous stock mouse strain descended from eight inbred progenitor 
strains and maintained for over 50 generations allowed the estimation of the 
heritability of a wide range of complex traits [71]. Strikingly, the contribu-
tion to heritability attributable to alleles shared by two animals that come 
from parents of the same sex (i.e., two mothers or two fathers), was twice 
that attributable to shared alleles descended from parents of the opposite sex 
(one from a mother and one from a father). This experiment also showed that 
non-imprinted genes can generate parent-of-origin effects by interaction with 
imprinted loci [71]. Whether and to what extent these results can be extrapo-
lated to humans is unknown and warrants further research. 

1.4. Reconciling genetics and the environment with epigenetic 
mechanisms 
 Considering the evidence discussed previously, it is now be-
yond doubt that both genetics and the environment contribute to the ob-
served variance in metabolic traits, and it is also clear that the environment 
interacts with the genome to bring the phenotype into being. Perhaps even 
more fascinating is the highly debated concept of inheritance of susceptibil-
ity to metabolic disorders from one generation to the next [72–74], since the 
first demonstration of the inheritance of a characteristic acquired in response 
to an environmental stimulus by Waddington in 1956 [75]. The contribution 
of genetics to variance in metabolic outcomes means that we are not all 
equal under the same obesogenic stresses, but that does not mean that we are 
doomed to grow belly fat simply because we inherited a bad combination of 
genetic variants. It is puzzling to see that the “nature vs. nurture” debate is 
still very present in the scientific literature, as illustrated by the “head to 
head” entitled Are the causes of obesity primarily environmental? published 
by the British Medical Journal in 2012 [76,77]. Perhaps a more relevant 
question would be: how do genes interact with their environment to cause 
metabolic disorders? The main mechanism that has been proposed to medi-
ate this interaction encompasses the addition and removal of epigenetic 
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marks to the DNA (e.g. DNA methylation), histone post-translational 
modifications and non-coding RNAs (ncRNAs) (Figure 6). These epigenet-
ic modifications can change chromatin structure to cause a stable modifica-
tion of gene expression or gene expression potential. 

 
 

Figure 6. The three main epigenetic mechanisms involved in the control of gene 
expression in mammals. 

Adapted from [78] 
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2. Epigenetic modifications: focus on DNA methylation 
2.1. Overview of epigenetics 
2.1.1. Epigenetic modifications are diverse and determine chromatin 
structure 
The gene expression pattern of a cell at a particular moment in time has to be 
adapted to the tissue it belongs and to its surrounding environment. For ex-
ample, glucose must be released into the blood stream to answer the organs' 
glucose demand during fasting or exercise. When blood glucose is low, glu-
cagon levels start rising while insulin levels start dropping, causing a cAMP 
release in hepatocytes. cAMP then triggers the phosphorylation of the TF 
cAMP response element binding protein (CREB), responsible for increased 
expression of gluconeogenic enzyme genes [79] (Figure 7A). This process 
requires DNA to be accessible to the transcription machinery, CREB and 
other TFs, so that gluconeogenic enzyme genes can be upregulated. Howev-
er, DNA does not loosely float into the nucleus, but is instead wrapped 
around nucleosomes, forming a structure called "chromatin" [80]. Chroma-
tin shows variable degrees of packaging, from the relaxed primary structure 
akin to beads on a string called "euchromatin", to the more tightly packaged 
secondary and tertiary structures called "heterochromatin" that are associated 
with architectural proteins (Figure 8) [81]. 
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Figure 7. The three main epigenetic mechanisms involved in the control of gene 
expression in mammals. 

 (A) Transcriptional adaptation of the metabolism in liver cells upon low levels of 
glucose. A lack of insulin associated with increased levels of glucagon cause an 
increase in cAMP levels that triggers the phosphorylation of the transcription factor 
cAMP response element binding protein (CREB), responsible for increased expres-
sion of gluconeogenic enzyme genes. Taken from [79]. (B) Epigenetic regulation of 
the gluconeogenic program during fasting and in diabetes. Increases in circulating 
glucagon trigger the dephosphorylation and nuclear translocation of CRTC2, which 
associates with and mediates the recruitment of KAT2B and WDR5 to CREB bind-
ing sites on gluconeogenic promoters. In turn, KAT2B and WDR5 upregulate glu-
coneogenic genes through a self-reinforcing cycle in which increases in H3K9 acety-
lation further enhance CREB and CRTC2 occupancy. Taken from [82] 
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Figure 8. Primary, secondary and tertiary structure of chromatin. 

The primary structure is shown as nucleosomal arrays consisting of nucleosomes 
with canonical histones (shown in light blue and yellow) and combinations of differ-
ent histone variants (shown in green, purple and light blue). Nucleosomes with ca-
nonical or histone variants may vary in the degree of post-translational modifica-
tions, generating the possibility for nucleosomes with a large number of different 
‘colours’. Histone variants and PTMs may affect nucleosome structure and dynam-
ics. The spacing between nucleosomes may vary on the basis of the underlying se-
quence, action of chromatin-remodelling enzymes and DNA binding by other factors 
(for example, transcription activators). Short-range nucleosome–nucleosome interac-
tions result in folded chromatin fibres (secondary chromatin structure, lower left 
panel). Fibre–fibre interactions, which are defined by long-range interactions be-
tween individual nucleosomes, are also affected by the primary structure of chroma-
tin fibres, including PTMs, histone variants and spacing of nucleosomes. Secondary 
and tertiary structures are stabilized by architectural proteins, such as linker histone 
H1. Transitions between the different structural states are indicated by double ar-
rows; these may be regulated by changes in patterns of PTMs, binding or displace-
ment of architectural proteins, exchange of histone variants and chromatin-
remodelling factors. Taken from [81] 

Chromatin can be seen as the “physiological form of our genetic infor-
mation” [83]. Chromatin's degree of packaging and interaction with TFs 
depend on the combination of different covalent "epigenetic modifications" 
that can occur directly on DNA or on the proteins that form the nucleosomes 
(histones). The genome-wide pattern of epigenetic modifications (the epige-
nome) is highly tissue-specific because it reflects the function of the cell 
[84]. There are many epigenetic modifications known to date, some of which 
ubiquitous to all life forms while others restricted to some species, and new 
modifications are regularly discovered or extended to more species [85]. In 
mammals, amino acid residues of histone tails can undergo acetylation, 
mono- di- or tri-methylation, phosphorylation, ubiquitylation, and biotinyla-
tion, each of these modifications being associated with either transcriptional 
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activation, repression or elongation as well as DNA repair, depending on 
which residue they target and on the genomic context [86] (Table 2). The 
best characterized covalent modification of DNA itself is the methylation of 
cytosines (5meC) in the CG context (CpG) [87], although 5meC has also 
been detected out of the CpG context (CpH) at substantial levels in mam-
mals [88], notably in the mouse and human brain [89,90] as well as human 
skeletal muscle [91–93]. In mammals, methylation is not restricted to cyto-
sines as adenines can become methylated, and 5meC can in turn be oxidized 
to form hydroxymethylcytosines (5-hmC) [94]. ncRNAs form another epi-
genetic mechanism; as the name suggest, ncRNAs are functional RNA mol-
ecules that are transcribed from DNA but not translated into proteins [95]. 
There are two major classes of ncRNAs involved in gene silencing and 
chromatin structure: small ncRNAs (including small interfering RNA, mi-
croRNA (miRNA), piRNA) and long ncRNAs [96]. In light of the large di-
versity of epigenetic modifications that coexist in the cell, it is easy to grasp 
why epigenetics is such a complex yet exquisite way to regulate gene ex-
pression, especially as epigenetic modifications have been demonstrated to 
crosstalk with one another [97–99]. We have unravelled the genetic code 
that determines what sequence of amino acids is translated from mRNA: 
could there also be an “epigenetic code” that determines what genes are al-
lowed to be transcribed, and how cells memorize patterns of activity? 

 
 

Histone Site Modification 
type 

Histone-
modifying en-
zymes 

Proposed function 

H2A 

Lys 5 Acetylation Tip60, 
p300/CBP transcriptional activation 

Arg3 Methylation PRMT1/6, 
PRMT5/7 

transcriptional activation, tran-
scriptional repression 

Ser1 Phosphorylation MSK1 transcriptional repression 

Thr120 Phosphorylation Bub1, VprBP mitosis, transcriptional repres-
sion 

Lys119 Ubiquitylation Ring2 spermatogenesis 
Lys9 Biotinylation biotinidase unknown 
Lys13 Biotinylation biotinidase unknown 

H2A.X 
Ser139 Phosphorylation ATR, ATM, 

DNA-PK DNA repair 

Thr142 Phosphorylation WSTF apoptosis, DNA repair 
H2B Lys5 Acetylation p300, ATF2 transcriptional activation 
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Lys12 Acetylation p300/CBP, 
ATF2 transcriptional activation 

Lys15 Acetylation p300/CBP, 
ATF2 transcriptional activation 

Lys20 Acetylation p300 transcriptional activation 
Ser14 Phosphorylation Mst1 apoptosis 
Ser36 Phosphorylation AMPK transcriptional activation 
Lys120 Ubiquitylation UbcH6 meiosis 

H3 

Lys9 Acetylation Gcn5, SRC-1 transcriptional activation 

Lys14 Acetylation 

Gcn5, PCAF, 
SRC-1, p300 transcriptional activation 

Esa1, Tip60 DNA repair 

Elp3, Sas3 transcriptional activation (elon-
gation) 

Hpa2 unknown 
hTFIIIC90, 
TAF1 

RNA polymerase III transcrip-
tion 

Sas2 euchromatin 

Lys18 Acetylation 
Gcn5 transcriptional activation, DNA 

repair 

p300/CBP DNA replication, transcription-
al activation 

Lys23 Acetylation 

Gcn5 transcriptional activation, DNA 
repair 

Sas3 transcriptional activation (elon-
gation) 

p300/CBP transcriptional activation 
Lys27 Acetylation Gcn5 transcriptional activation 
Lys26 Acetylation Gcn5 transcriptional activation 
Arg2 Methylation PRMT5, PRMT6 transcriptional repression 

Arg8 Methylation PRMT5, 
PRMT2/6 

transcriptional activation, tran-
scriptional repression 

Arg17 Methylation CARM1 transcriptional activation 
Arg26 Methylation CARM1 transcriptional activation 
Arg42 Methylation CARM1 transcriptional activation 

Lys4 
Tri-methylation Set7/9 transcriptional activation 
Methylation MLL, ALL-1 transcriptional activation 

Lys9 Tri-methylation Suv39h, Clr4, transcriptional repression 
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SETDB1 

Methylation G9a transcriptional repression ge-
nomic imprinting 

Lys27 
Methylation Ezh2, G9a transcriptional silencing 
Tri-methylation Ezh2 X inactivation 

Lys36 Methylation Set2 transcriptional activation (elon-
gation) 

Lys79 Methylation Dot1 
euchromatin, transcriptional 
activation (elongation), check-
point response 

Ser10 Phosphorylation 
Aurora-B kinase mitosis, meiosis 
MSK1, MSK2 immediate-early gene activation 
IKK-α, Snf1 transcriptional activation 

Ser28 Phosphorylation 
Aurora-B kinase mitosis 
MSK1, MSK2 immediate-early gene activation 

Thr3 Phosphorylation Haspin/Gsg2 mitosis 
Thr11 Phosphorylation Dlk/Zip mitosis 
Tyr41 Phosphorylation JAK2 transcriptional activation 
Tyr45 Phosphorylation PKCδ apoptosis 
Lys4 Biotinylation biotinidase gene expression 
Lys9 Biotinylation biotinidase gene expression 
Lys18 Biotinylation biotinidase gene expression 

H4 

Lys5 Acetylation 

Hat1 histone deposition 

Esa1, Tip60 transcriptional activation, DNA 
repair 

ATF2, p300 transcriptional activation 
Hpa2 unknown 

Lys8 Acetylation 

Gcn5, PCAF, 
ATF2, p300 transcriptional activation 

Esa1, Tip60 transcriptional activation, DNA 
repair 

Elp3 transcriptional activation (elon-
gation) 

Lys12 Acetylation 

Hat1 histone deposition, telomeric 
silencing 

Esa1, Tip60 transcriptional activation, DNA 
repair 

Hpa2 unknown 
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p300 transcriptional activation 

Lys16 Acetylation 

Gcn15, ATF2 transcriptional activation 

Esa1, Tip60 transcriptional activation, DNA 
repair 

Sas2 euchromatin 

Arg3 Methylation 
PRMT1/6 transcriptional activation 
PRMT5/7 transcriptional repression 

Lys20 
Methylation PR-Set7 transcriptional silencing 
Tri-methylation Suv4-20h heterochromatin 

Ser1 Phosphorylation CK2 DNA repair 
Lys12 Biotinylation biotinidase DNA damage response 

Table 2. Main histone modifications known in mammals. 

Adapted from [86] 

2.1.2. Mitotic heritability and maintenance of epigenetic modifications 
Epigenetic modifications have two fundamental properties that give cells the 
power to adapt to the situation while retaining a memory of their past gene 
expression: epigenetic modifications are sensitive to environmental stimuli 
such as diet, smoking, physical activity, and chemical pollutants [100], yet 
stable in time and through cell divisions even after the initial stimulus is 
gone. As Adrian Bird concisely puts it, epigenetics corresponds to "the struc-
tural adaptation of chromosomal regions so as to register, signal or perpetu-
ate altered activity states" [101]. The pattern of epigenetic modifications at 
specific genomic locations reflect the developmental and functional history 
of the genes, and it is this pattern that will guide their present and future 
activity [102]. This is achieved thanks to the dynamics of a large battery of 
proteins that can add (“writers”), remove (“erasers”) or bind (“readers”) 
epigenetic modifications (Figures 9-10). DNA methyltransferases (DNMTs) 
are writers that add methyl groups to DNA [103], while the ten-eleven trans-
location (TET) family of enzymes are responsible for the oxidation of the 
methyl groups that can then be actively or passively removed [104] (Figure 
9). Histone acetyltransferases (HATs), histone methyltransferases (HMTs), 
protein arginine methyltransferases (PRMTs) and kinases add covalent 
marks on histone tails, while histone deacetylases (HDACs), lysine deme-
thylases (KDMs) and phosphorylases remove these marks [105] (Figure 10, 
Table 2). There are so many known readers of epigenetic modifications that 
listing them exhaustively would needlessly drown this chapter [105]. Read-
ers of histone modifications contain domains that recognize specifically 
acetyllysines (e.g. bromodomain), methyllysine (e.g. chromodomains) or 
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methylarginine (e.g. Tudor domain). The reading of DNA methylation in-
volves proteins that specifically bind methylated CpGs (MBPs), proteins that 
specifically bind unmethylated CpGs (CXXC domain–containing complex-
es), and many TFs that are sensitive to the presence of 5meC in their binding 
sequence [87]. However, the mitotic/meiotic heritability of epigenetic modi-
fications has raised some debates over what truly deserves to be called “epi-
genetic”, since many epigenetic modifications are erased at each cell divi-
sion and do not generate memory [106,107], and since some epigenetic mod-
ifications quickly disappear once the initial stimulus is gone [108–110]. This 
is particularly true for histone marks, and Mark Ptashne has asked for the 
banishment of histone marks from the list of epigenetic modifications [111]. 
Nevertheless, previously expressed genes are frequently primed for reactiva-
tion [112] and histone modifications are involved in transcription per se. In 
the example of glycaemic control, the presence of glucagon triggers in 
hepatocytes the recruitment of lysine acetyltransferase 2B (KAT2B) to 
CREB binding sites on gluconeogenic promoters. KAT2B adds an acetyl 
group to the lysine 9 of histone H3, which further enhances CREB occupan-
cy on DNA to upregulate gluconeogenic genes [113] (Figure 7B). While 
theoretical discussions on the definition of epigenetics are interesting, per-
haps is it more important to keep in mind that the heritability of epigenetic 
modifications is dependent on the mark under study [114,115], and careful 
conclusions should be drawn whenever studying a specific mark. 
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Figure 9. Setting, erasing and recognizing cytosine methylation. 

a, Different methylation states of the CpG and the enzymatic pathways that set, 
maintain and erase the mark. The pathways leading from the oxidized forms to the 
unmethylated state are under debate. DNMT, DNA methyltransferase; TDG, thy-
mine-DNA glycosylase. b, A subset of CXXC-domain-containing proteins are listed 
that can specifically bind to the unmethylated CpG and could potentially reinforce 
the unmethylated state or recruit regulatory proteins to unmethylated CpG islands. 
Methyl-CpG-binding domain (MBD) proteins specifically bind to the methylated 
CG with little or no further sequence sensitivity, potentially mediating transcription-
al repression, which would be strongest in methylated CpG islands. Readers of oxi-
dized forms are not shown owing to ongoing debate about proposed candidates. 
Taken from [87] 
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Figure 10. Setting, erasing and recognizing histone modifications. 

Epigenetic regulation is a dynamic process. Epigenetic writers such as histone 
acetyltransferases (HATs), histone methyltransferases (HMTs), protein arginine 
methyltransferases (PRMTs) and kinases lay down epigenetic marks on amino acid 
residues on histone tails. Epigenetic readers such as proteins containing bromo-
domains, chromodomains and Tudor domains bind to these epigenetic marks. Epi-
genetic erasers such as histone deacetylases (HDACs), lysine demethylases (KDMs) 
and phosphatases catalyse the removal of epigenetic marks. Addition and removal of 
these post-translational modifications of histone tails leads to the addition and/or 
removal of other marks in a highly complicated histone code. Together, histone 
modifications regulate various DNA-dependent processes, including transcription, 
DNA replication and DNA repair. Taken from [105] 
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2.2. Function and information content of DNA methylation in 
the CpG context 
2.2.1. Distribution of CpG sites in the mammalian genome 
 The mammalian genome contains millions of CpGs, 60-90% 
of which are methylated [116], suggesting that methylation of CpGs is actu-
ally a default state (Figure 11A). Because methylated cytosines have a high 
deamination rate [117], many cytosines have mutated into thymine over the 
course of evolution, despite the presence of two glycosylases that are 
thought to repair this mismatch [118]. As a consequence, CpGs occur at only 
21% of the expected frequency in the human genome [119], and the genomic 
regions that are typically unmethylated show an unusually high frequency of 
CpGs. These regions, called “CpG islands” (CGIs), are ~1000 base pairs 
long and show an elevated G+C base composition [120]. In humans, 40% of 
CGIs are found in annotated gene promoters [121,122] and the remaining 
60% have been termed “orphan CGIs” due to the uncertainty surrounding 
their annotation [123] (Figure 11B). However, it seems that despite not being 
annotated to any specific promoter, many orphan CGIs are actual sites of 
transcription initiation for nearby annotated genes or ncRNAs [123,124]. 
Conversely, 70% of annotated gene promoters are associated with a CGI 
[125], especially housekeeping genes [126]. CGIs are interspaced by long 
stretches of highly methylated CpG-poor regions that are found both within 
and between genes [87]. Following the marine metaphor of the CpG island, 
one can find the “CGI shore” from 0 to 2 kb on either side of a CGI, and the 
“CGI shelf” from 2 to 4kb on either side of a CGI (Figure 11B). Any CpG 
site that is not located in a promoter, a gene body, a CGI, a CGI shore or a 
CGI shelf is said to be located in the “open sea”. 
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Figure 11. Distribution and organisation of 5meC in the mammalian genome. 

(A) Genomic distribution of methylated cytosine in a typical mammalian genome. 
The representative genomic region includes an example of an active and an inactive 
gene with proximal (promoter) and distal (enhancer) regulatory regions. The height 
of the bar indicates the relative proportion of DNA methylation (5-methylcytosine, 
5mC) that is observed in each region. CpG islands (CGIs), which often overlap with 
promoter regions, generally remain unmethylated, whereas CG-poor promoters are 
methylated when not active. Adapted from [87]. (B) Genomic distribution of CGIs. 
Many CGIs are found in gene promoters, but the majority are located in intragenic 
or intergenic regions and termed "orphan CGIs" due to the uncertainty surrounding 
their annotation. Following the metaphor of the CpG "island", the regions located up 
to 2kb away from the island is called "CGI shore", and the region up to 4kb termed 
"CGI shelf". CpG sites that are not located in a promoter, a gene body, an island, a 
shore or a shelf is said to be located in the "open sea". Adapted from [120]. 

2.2.2. DNA methylation patterns are deeply linked to the underlying 
chromatin state 
Interestingly, DNA methylation does not have the same effects on transcrip-
tion whether it occurs in promoters, enhancers or gene bodies, and whether it 
happens in CGIs, in the regions flanking CGIs, or in CpG-poor regions (Fig-
ure 12). What we know best is how CGIs in the promoter context work to 
control gene expression. Promoter CGIs are usually unmethylated, but when 
they become methylated, they robustly repress transcription, as notably seen 
in X-chromosome inactivation [127] and genomic imprinting [128]. The role 
of DNA methylation at CpG-poor promoters is less clear. CpG-poor promot-
ers display tissue-specific methylation patterns [129], and there is an inverse 
correlation between methylation at these promoters and transcription [130]. 
In addition, in vitro removal of DNA methylation at CpG-poor promoters 
can result in their direct silencing [131]. This suggests that there may be a 
role for methylation at CpG-poor promoters in the establishment and 
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maintenance of tissue-specific expression patterns. However, it has also been 
shown that CpG-poor promoters could still be expressed when they are 
methylated [132], and that it is the binding of TFs that shape DNA methyla-
tion profiles at CpG-poor regions [133]. Therefore, the role of methylation at 
CpG-poor promoters is not well understood, but potential effects might only 
apply to certain binding sites such as those with lower affinity, at which 
DNA methylation might further reduce the likelihood of binding [87]. On 
the contrary, intragenic methylation positively correlates with transcription 
[134], and it may well serve several functions at once. Like intergenic meth-
ylation [135], intragenic methylation was initially suggested to silence repet-
itive DNA elements that would otherwise cause genomic instability [136]. 
However, it was discovered that when intragenic methylation occurs at a 
CGI, it can suppress intragenic promoters [124]. Also, intragenic methyla-
tion might be involved in alternative splicing events [137], but evidence for 
this phenomenon is scarce [138]. Recent attention has been drawn to CGI 
shores that lie in close proximity of CGIs [139]. In several pathologies such 
as cancer [140,141], intrauterine growth restriction [142], and in normal 
conditions that compared men and women [143], monozygotic twins [144] 
or simply different cell types [145], differentially methylated CpG sites were 
found to be enriched in CGI shores. Last but not least, CpG-poor regions 
span many enhancers, and methylation at enhancers is crucial for early de-
velopment [146–149]. Importantly, genome-wide patterns of DNA methyla-
tion are adapted to the tissue they belong to: promoters of tissue-specific 
genes are often unmethylated in the tissues in which they are expressed, and 
methylated in the tissues where they are silenced [132,150]. In the end, all 
these observations show that it is not merely the presence of DNA methyla-
tion that determines its relation to transcription, but its interpretation in the 
context of a particular genomic region [136]. 

2.2.3. DNA methylation and transcription influence one another 
Given that the roles of DNA methylation are so context-dependent, what do 
we know about the mechanistic and causal relationship between DNA meth-
ylation and gene expression? The emerging picture involves the complex 
interaction between DNA methylation, nucleosomes, MBPs and methyla-
tion-sensitive TFs [151] (Figure 13). DNA methylation can impair the bind-
ing of specific TFs to DNA [152–155], recruit transcriptionally repressive 
MBPs [156–159], and affect nucleosome positioning [160]. In their methyl-
ated state, promoter CGIs are bound by MBPs, which in turn prevent the 
binding of methyl-CpG binding TFs; in their unmethylated state, promoter 
CGIs are bound by CXXC domain–containing complexes that activate tran-
scription. This scenario does not fit well transcription of genes with CpG-
poor promoters though, as MBPs are sensitive to the local density in CpGs 
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[161]. At enhancers, methylation can prevent the binding of methyl-sensitive 
TFs, or attract methyl-CpG binding TFs, leading to either gene activation or 
repression. Nevertheless, while it is now acknowledged that DNA methyla-
tion influence TF binding, it also seems that TF binding itself as well as tran-
scription shape DNA methylation patterns, a situation very reminiscent of 
the feedback loops often observed in biology (Figure 14). In cancer for ex-
ample, gene silencing precedes the establishment of DNA methylation at 
CGI promoters [130,162–164]. DNA methylation subsequently happens 
because inactive genes are often more susceptible to de novo methylation, 
providing added stability to the silent state [136] (Figure 15). Interestingly, 
while transcription of a gene harbouring a methylated CGI in its promoter is 
unheard of, a gene containing an unmethylated CGI in its promoter is not 
necessarily transcribed [132]. In this respect, methylation at promoter CGIs 
could be seen as a sort of genomic “rust” that accumulates when a gene is 
not in use [165]. Therefore, methylation at promoter CGIs is not the 
mechanism triggering silencing, but rather the mechanism allowing gene 
expression to become “locked”. At CpG-poor regions, methylation can 
change as a result of TF binding [166–168], and does not necessarily impair 
the binding of these TFs [166]. The current data suggest that TF binding is 
the central event that mediates concerted changes in other regulatory mecha-
nisms determining chromatin states, accessibility, and conformation [169]. 
The issue of causality in CpG-poor regions is far from being solved, and it 
seems that DNA methylation is much more complex and context-dependent 
than previously thought. 
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Figure 12. Models of transcriptional regulation by DNA methylation. 

(a) The 'old' textbook model describing how DNA methylation regulates transcrip-
tion. Left, methylated CpG-island promoters (P) recruit transcriptionally repressive 
MBD proteins and prevent transcription-factor binding. Right, nonmethylated CpG 
islands are bound by transcription factors. (b) New models describing regulation of 
transcription by DNA methylation. Left, genes with methylated CpG-island promot-
ers are repressed by repressive MBD-containing complexes. In addition, methylation 
of an enhancer (E) can block binding of a transcription factor. Right, most active 
genes with nonmethylated CpG-island promoters are bound by CXXC domain–
containing activator complexes. In addition, transcription factors bind to nonmethyl-
ated enhancers. Finally, gene bodies of active genes are highly methylated, and this 
serves to repress cryptic transcription. (c) Uncoupling between DNA methylation 
and repression of transcription initiation. In some cases, such as during early verte-
brate development, some methylated promoters with low CpG density are actively 
transcribed. Transcriptionally repressive MBD proteins do not interact with these 
promoters, for yet-unknown reasons. Furthermore, some DNA sequences with low 
CpG density (including enhancers and promoters) can be bound by activating tran-
scription factors. H3K4me3, trimethylated histone H3 Lys4, a promoter-associated 
histone mark associated with active transcription. Taken from [151] 
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Figure 13. Potential scenarios for the interplay between cytosine methylation 
(shown by level of 5-methylcytosine) and transcription-factor binding. 

(a) A methylation-insensitive transcription factor causes reduced methylation after 
binding. (b) A transcription factor binds specifically to the methylated state of its 
binding site. (c) A methylation-sensitive transcription factor is blocked by 5-
methylcytosine (5mC). (d) Methyl-CpG-binding domain (MBD) proteins bind to the 
methylated state, leading to indirect repression, which probably requires high local 
density of CGs (shading). (e) A methylation-insensitive transcription factor func-
tions as a pioneer factor and creates a site of reduced methylation that allows a 
methylation-sensitive factor to bind. Taken from [87] 
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Figure 14. Silencing precedes DNA methylation. 

Active promoters and enhancers have nucleosome-depleted regions (NDRs) that are 
often occupied by transcription factors and chromatin remodellers. Loss of factor 
binding — for example, during differentiation — leads to increased nucleosome 
occupancy of the regulatory region, providing a substrate for de novo DNA methyla-
tion. DNA methylation subsequently provides added stability to the silent state and 
is likely to be a mechanism for more accurate epigenetic inheritance during cell 
division. The example given is for the OCT4 and NANOG genes, and its generality 
is not yet known, but inactive genes are often more susceptible to de novo methyla-
tion than their more active counterparts. In the figure, OCT4 binding is shown and 
NANOG binding is not shown, although its expression is required. Recent experi-
ments have demonstrated that the methylation must be removed by active and/or 
passive processes to reactivate the gene. DNMT3A, DNA methyltransferase 3A; 
siRNA, small interfering RNA. Taken from [136] 
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2.2.4. Genetic influences on DNA methylation 
It is now largely documented that genetic polymorphisms located in the vi-
cinity of TF binding sites impact TF binding [170,171], but since TF binding 
and DNA methylation are so tightly linked, can genetic polymorphisms im-
pact DNA methylation patterns? Recent studies have shown that not only do 
genetic polymorphisms impact DNA methylation, but the vast majority of 
inter-individual variations in methylomes are caused by genetic polymor-
phisms [172,173]. In fact, methylome variations are so tightly linked to the 
underlying DNA sequence that Whitaker et al. developed a pipeline called 
Epigram that uses DNA motifs to predict the methylation status at tissue-
specific differentially methylated regions (DMRs) from 18 human tissues 
[174]. The regions associated with differential methylation levels have been 
termed methylation QTLs (meQTLs) and have been identified in a wide 
variety of human tissues [175–187]. Although mostly located in cis (i.e. 
close to the CpG site they regulate), a small number of meQTLs have also 
been uncovered in trans [188,189]. Moreover, there is substantial overlap 
between meQTLs detected in blood and in the brain, suggesting that some 
meQTLs could exert ubiquitous effects on DNA methylation [182]. 

How do genetic variants cause differential DNA methylation? If a muta-
tion is located directly on a CpG, a methylation site is removed or added, 
thus allowing or preventing methylation to happen. If a mutation is not di-
rectly located on a CpG, the proposed model is that this mutation lies within 
a regulatory region and affects TF binding, which in turn influences DNA 
methylation [87,169] (Figure 16). An alternative explanation is that the mu-
tation happens directly in the TF, changing its ability to bind DNA, which in 
turn influences DNA methylation [87]. However, differences in methylation 
caused by genetic variants do not necessarily result in differences in gene 
expression [169]. Clearly, a lot more research is needed in order to assess 
issues of causality, the order of regulatory events, and the direction of ef-
fects. 
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Figure 15. Potential DNA sequence determinants of cytosine methylation at CpG-
poor regions. 

In a simplified model, transcription-factor binding causes reduced methylation at its 
binding site. Loss of expression of the respective transcription factor in development 
or disease will cause increased methylation. Mutations to the transcription factor that 
affect its binding preference will influence genomic methylation patterns. Mutation 
in the DNA binding site will abolish binding even in a cell expressing the transcrip-
tion factor, indicating how genetic variation can result in methylation differences 
between individuals. Taken from [87] 

3. Studying DNA methylation in the context of obesity 
The past few years has seen a marked increase in the number of studies in-
vestigating the relationship between DNA methylation and obesity, particu-
larly since obesity was classified as a disease by the American Medical As-
sociation [9]. We have gained interesting insights into the importance of 
DNA methylation in the context of obesity, but we are now aware of the 
biological, bioinformatical and statistical limitations of these studies. From 
observational to interventional studies, from animal models to human stud-
ies, what have we learned on the implication of DNA methylation in the 
pathogenesis of obesity? 

3.1. Measuring DNA methylation 
Before reviewing the literature on what we already know about DNA meth-
ylation in the context of obesity and its complications, it is important to 
know that the information generated by methylation studies is highly de-
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pendent on the technique used. More than 30 different assays have been 
developed using PCR, endonuclease digestion, affinity enrichment or bisul-
fite conversion to look at global methylation levels, region-specific meth-
ylation and genome-wide methylation (spanning the entire genome) 
[190,191] (Table 3). All of these techniques have their own advantages and 
caveats that are important to keep in mind when interpreting results (Table 
4). Techniques looking at global methylation level allow to obtain infor-
mation on the % of 5meC in the sample, but do not give information on the 
% of 5meC at specific locations in the genome. On the contrary, techniques 
looking at genome-wide methylation will give the % of 5meC at known lo-
cations in the genome. The genome coverage of these techniques varies 
greatly, from 8 to 100% for global methylation assays, and from 0.12% to 
100% for site-specific methylation assays (Figure 17). For instance, high 
performance liquid chromatography ultraviolet (HPLC-UV) and whole-
genome bisulfite sequencing (WGBS) have 100% genome coverage and 
represent the gold standards of global and region-specific DNA methylation 
assessment, respectively. Another important aspect to keep in mind is that 
DNA samples are usually derived from a pool of different cells which may 
vary in their 5meC levels [191]. Many techniques can read the methylation 
level of a target sequence on individual DNA strands (e.g. reduced represen-
tation bisulfite sequencing (RRBS), WGBS, methylated DNA immunopre-
cipitation (MeDIP)-seq) (Figures 17-18) but the more popular Infinium 
beadarrays read a methylation level that has been averaged over many DNA 
molecules (Figure 17). Allele-specific methylation can yield interesting 
information on the co-occurrence of 5meC on the same DNA strand, and 
potential insights into the function and regulation of DNA methylation at the 
target sequence (Figure 19). Finally, it should be noted that all the aforemen-
tioned techniques do not allow the discrimination of 5meC from 5hmC, but 
there are digestion- and antibody-based techniques available [190]. 

 
 
 
 
 
 



 
 
 

47 

 

 
Figure 16. Coverage of several global and genome-wide DNA methylation assays. 

Global DNA methylation assays do not give information on methylation at specific 
genomic regions. LINE-1 (long interspersed nuclear elements) + pyrosequencing 
assesses methylation at repetitive elements; LUMA (luminometric methylation as-
say) assesses methylation at CCGG sites. Among the genome-wide methylation 
assays, only WGBS (whole genome bisulfite sequencing) and RRBS (reduced repre-
sentation bisulfite sequencing) can discriminate the maternal and the paternal DNA 
strands and only they can detect methylation out of the CpG context (CpH). The 
very popular 27k, 450k and EPIC chips target 99% of Refseq gene promoters and 
some known enhancers but have very low whole genome coverage. MSCC (methyl-
ation sensitive cut counting) will yield information on methylation at restriction 
enzyme sites, such as HpaII sites. 
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Figure 17. Typical representation of the results for DNA methylation after bisulfite 
sequencing. 

The PCR product is cloned, and several randomly selected plasmids are sequenced. 
Taken from [190] 

 
Figure 18. Illustration of the information yielded by allele-specific and non allele-
specific methylation assays. 

A non allele-specific methylation assay would detect a 50% methylation rate at 
every one of the CpG positions. However, a methylation assay that can discriminate 
between both DNA strands would reveal that in the top panel, one DNA strand is 
entirely methylated while the other is completely unmethylated, and it would reveal 
that in the bottom panel, methylated CpGs are not located on the same strand. This 
can be important to understand how DNA methylation is regulated, how genetic 
variants can impact DNA methylation, and how DNA methylation can act on tran-
scription. Adapted from [190] 
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3.2. What we already know about DNA methylation in the 
context of obesity 
3.2.1. The link between energy homeostasis and DNA methylation 
Obesity is above all a long-term disturbance of energy homeostasis that in-
volves major tissues such as the adipose tissue, brain, digestive tract, liver, 
pancreas and skeletal muscle (Figure 20). Energy homeostasis relies on the 
balance between catabolism and anabolism, two antagonist cellular pro-
cesses sensitive to nutrient, endocrine and neuronal inputs. At the molecular 
level, the presence of amino acids, glucose, insulin, leptin, fatty acids and 
cholesterol (during moments of positive energy balance), or the presence of 
glucagon and ghrelin (during moments of negative energy balance), are 
sensed by ligand-dependent or cell membrane receptor-dependent TFs that 
translocate to the nucleus to activate or repress gene expression [192] (Fig-
ure 21). Gene expression is then finely tuned by co-regulators that include 
DNA methylation writers and erasers such as DNMTs and TET proteins. 
Yet, surprisingly few studies have investigated DNA methylation changes 
during the normal feeding/fasting cycle and energy homeostasis of healthy 
subjects. At the organismal level, the tissue-specific conditional knockout of 
Dnmt3a in the paraventricular nucleus of the hypothalamus led to hyperpha-
gia, decreased energy expenditure, and glucose intolerance with increased 
serum insulin and leptin, suggesting that Dnmt3a is required for normal en-
ergy homeostasis in mice [193]. In humans, Barrès et al. were the first to 
demonstrate that skeletal muscle contraction during a single bout exercise 
causes rapid DNA demethylation followed by remethylation at promoters of 
candidate genes important for metabolism (peroxisome proliferator-activated 
receptor gamma coactivator 1-alpha (PGC-1A), transcription factor A, mito-
chondrial (TFAM), peroxisome proliferator-activated receptor beta (PPARδ) 
and pyruvate dehydrogenase kinase 4 (PDK4)). Interestingly, only high-
intensity (vs. low-intensity) exercise could cause these changes [93]. In a 
later well-designed study, Lindholm et al. found modest (<10%) but wide-
spread DNA methylation changes in skeletal muscle after 3 months of en-
durance training in healthy men and women [194]. These methylation 
changes were enriched in intergenic regions and enhancers, and there were 
coordinated transcriptional changes corresponding to structural remodelling 
of the muscle and glucose metabolism, inflammatory/immunological pro-
cesses and transcriptional regulation. A few in vitro studies also support the 
implication of DNA methylation in energy homeostasis to some extent. The 
presence of glucose and insulin leads to the enhancement of DNMT activity 
and global DNA methylation measured by HPLC in the human HepG2 cell 
line [195]. Pancreatic islets treated with palmitate [196], and THP-1 mono-
cytes treated with arachidonic or oleic acid [197] displayed small (<3%) and 
widespread methylome changes that were not significant at the genome-wide 
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level. This is in line with another study suggesting that acute changes in 
methylation may not be a predominant mechanism for controlling fatty acid-
induced changes in mRNA in skeletal muscle, and that it may apply to only a 
few genes such as PPARδ [198]. Still, some of the top differentially methyl-
ated genes in pancreatic islets and monocytes were accompanied by corre-
sponding changes in gene expression [196,197]. However, it should be noted 
that these studies used the Illumina HumanMethylation 450k beadchip that 
assesses only ~2% of all CpG sites in the genome. 

 
Figure 19. Whole-body energy homeostasis. 

A simplified view of the major tissues involved in the regulation of whole-body 
energy homeostasis and their contributions to anabolic and catabolic control and 
hormone release is shown. AAs, amino acids; FA, fatty acid; FAO, fatty acid oxida-
tion; FFAs, free fatty acids; IL, interleukin; TNF, tumour necrosis factor. Taken 
from [192] 
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Figure 20. Transcriptional regulatory networks in positive and negative energy 
balance. 
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A schematic summarizing the transcriptional responses to energy status in the organ-
ism. The figure is a simplification, as these states and transitions between them are 
not always mutually exclusive. Depending on the energy state of the organism, cells 
have to amplify or repress specific energy pathways to guarantee appropriate energy 
utilization. This is accomplished in part by distinct TFs that mediate the expression 
of genes involved in anabolic or catabolic pathways. TFs are activated in response to 
metabolite signals associated with the anabolic or catabolic state, including relative 
concentrations of amino acids (AAs), glucose and fatty acids (FAs) present in the 
cytoplasm. In negative energy balance, AAs, glucose and FAs, which are generated 
from storage molecule breakdown (protein degradation, glycogenolysis and lipoly-
sis, respectively), are directed primarily into energy-yielding pathways. During posi-
tive energy balance excess metabolites are directed into pathways facilitating energy 
storage. AgRP, Agouti-related peptide; AMPK, AMP-activated protein kinase; 
cAMP, cyclic AMP; ChREBP, carbohydrate-responsive element-binding protein; 
CREB, cAMP-responsive element-binding protein; FAO, fatty acid oxidation; 
FOXO1, forkhead box O1; FXR, farnesoid X receptor; HNF4α, hepatocyte nuclear 
factor 4α; IRS, insulin receptor substrate; JAK, Janus kinase; LDL, low-density 
lipoprotein; LXR, liver X receptor; mTORC1, mammalian target of rapamycin com-
plex 1; Ox-Phos, oxidative phosphorylation; PI3K, phosphoinositide 3-kinase; PIP3, 
phosphatidylinositol-3,4,5-trisphosphate; PKA, protein kinase A; PKC, protein ki-
nase C; POMC, pro-opiomelanocortin; PPAR, peroxisome proliferator-activated 
receptor; RXR, retinoid X receptor; SREBP, sterol regulatory element-binding pro-
tein; STAT, signal transducer and activator of transcription; TG, triglyceride. Taken 
from [192] 

It is worth stating that beside energy homeostasis, DNA methylation and 
diet are intricately related (Figure 22). For instance, curcumin [199] and 
green tea catechins [200] are potent DNMT inhibitors. DNA methylation 
requires the methyl donor S-adenosylmethionine (SAM) as a substrate which 
is produced from methionine and ATP in one-carbon metabolism [201]. 
SAM levels can be altered through diet [202], and there is now overwhelm-
ing evidence that dietary intake of methyl donors (e.g. folate) is closely 
linked to levels of DNA methylation [203]. Other micronutrients such as 
vitamins B12, B6 and B2 are involved in SAM metabolism [204] and can 
potentially impact DNA methylation levels, but this has not been tested. 
Conversely, DNA demethylation is also related to diet. The removal of me-
thyl groups by TET proteins depends on Fe(II) and α-ketoglutarate, an in-
termediate of the tricarboxylic acid cycle and catabolic metabolism of glu-
tamine [205]. Although it is not known whether TET proteins can sense α-
ketoglutarate levels [201], fumarate and succinate (two other intermediates 
of the tricarboxylic acid cycle) inhibit TET, suggesting that the relative con-
centrations of these metabolites may regulate TET enzymatic activity [206]. 
Therefore, there is a profound link between DNA methylation and metabo-
lism, suggesting that the long-term impairment of energy balance could lead 
to adverse DNA methylation changes themselves causally involved in the 
disease.  
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Figure 21. The interface between metabolism and epigenetic regulation of transcrip-
tion. 

Metabolites from major biochemical pathways participate in chromatin regulation, 
leading to changes in transcriptional regulation. The tricarboxylic acid (TCA) cycle 
and β-oxidation provide acetyl-CoA, the substrate for histone acetyltransferases 
(HATs) to acetylate histones. One-carbon metabolic pathways provide S-
adenosylmethionine (SAM), the substrate for histone methylation. β-oxidation also 
leads to the production of propionyl-CoA and butyryl-CoA, which can be further 
processed into crotonyl-CoA; all three coenzymes are substrates for the respective 
histone modification. AMP/ATP levels determine the activity of AMP-activated 
protein kinase (AMPK), which has been shown to phosphorylate histones. α-KG, α-
ketoglutarate; β-OHB, β-hydroxybutyric acid; ARTD1, ADP-ribosyltransferase 
diphtheria toxin-like 1; co-REG, co-regulator; DNMT, DNA methyltransferase; 
GlcNAc, N-acetylglucosamine; HDAC, histone deacetylase; HMT, histone methyl-
transferase; JHDM, JmjC domain-containing histone demethylase; LSD1, lysine-
specific demethylase 1; OGT, O-linked N-acetylglucosamine transferase; p300/CBP, 
p300 and CREB-binding protein; Pol II, RNA polymerase II; SIRT, sirtuin; TF, 
transcription factor; TET, ten-eleven translocation methylcytosine dioxygenase; 
TSS, transcription start site. Taken from [192] 
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3.2.2. DNA methylation and obesity in childhood and adulthood 
We have previously seen that epigenetic modifications can give cells a 
memory of their past gene activity and potentiate their future activity. We 
have also seen that DNA methylation and energy homeostasis are intricately 
intertwined. Is it possible then that repeated obesogenic exposures would 
cause shifts in DNA methylation patterns in tissues important for energy 
homeostasis? If so, how stable are these DNA methylation changes, and how 
relevant are they in the development of obesity? 

If DNA methylation variations in normal metabolic conditions have re-
ceived little attention, DNA methylation patterns of obese individuals have 
been extensively studied in both humans and mice [207–210]. In humans, 
studies of global methylation conducted in peripheral blood leukocytes did 
not show any consistent correlation with BMI regardless of whether methyl-
ation was assessed at repetitive elements [211–222] or as %5meC by HPLC, 
Elisa or flow cytometry [223–226]. This might be explained by the existence 
of a non-linear relationship between global methylation and BMI [222], or 
by methylation changes limited to specific blood cell types [226]. Converse-
ly, a small positive association between global methylation and body fat or 
T2D was found in muscle [227] and adipose tissue [228–230]. A plethora of 
studies have chosen a candidate-gene approach whereby methylation lev-
els in the promoters of genes implicated in obesity, appetite control and/or 
metabolism, insulin signalling, immunity, growth, circadian rhythm and 
imprinted genes, were tested for association with a variety of obesity mark-
ers [209]. They have notably revealed strong hypermethylation of the PGC-
1α promoter in pancreatic islets [231], skeletal muscle [91,227,232] and liver 
[233] in insulin resistant patients. In blood, hypermethylation was noted at 
POMC [234,235] and hypomethylation at TNF-α [236,237] and LEP [238–
241]. Finally, only two studies have looked at mitochondrial methylation in 
leukocytes [242] and liver [243], but they have uncovered strong hyper-
methylation in obesity, T2D and nonalcoholic steatohepatitis. Hypothesis-
free epigenome-wide associations studies (EWASs) of obesity-related traits 
have also flourished in the past few years, to gain insight into the tissue-
specific entire methylomes of metabolically sick individuals. They have 
revealed mostly small (<10%) but widespread methylation differences in 
blood [244–261], liver [262,263], adipose tissue [230,258,261,264–266], and 
sperm [267]. The identified DMRs are usually overrepresented in open sea 
and underrepresented in CGIs and promoters. Interestingly, some loci have 
been replicated across tissue types, ages and ethnicities, thanks to the wide 
use of the Illumina HumanMethylation 450k beadchip. The most promising 
locus lies within the first intron of hypoxia inducible factor 3 alpha subunit 
(HIF3A), where a positive association between methylation and adiposity 
phenotypes has been seen in neonates, children, adolescents and adults, 
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across whole blood, adipose, peripheral blood lymphocytes, umbilical cord 
blood and umbilical cords, in European Caucasians, Asians and African–
Americans [268]. Also, sites in ATP-binding cassette sub-family G member 
1 (ABCG1) and phosphoethanolamine/phosphocholine phosphatase (PHOS-
PHO1) were associated not only with T2D, but also with future incidence of 
T2D across whole bloods, adipose tissue and skeletal muscle in European 
Caucasians, Mexican-Americans and Indian Asians [230,256–258,269,270]. 
Most of these EWAS have performed gene-enrichment analysis and have 
showed enrichment for pathways relevant for obesity and cancer. 

Interventional studies are less common than observational studies for 
practical reasons and they often involve fewer participants, but they can give 
better clues about causality and the sequence of events leading to obesity. 
Short-term high-fat overfeeding of healthy young men resulted in modest 
genome-wide DNA methylation changes in adipose tissue [271] and in skel-
etal muscle [272]. Interestingly, the methylation changes in skeletal muscle 
were only partly reversible after 6-8 weeks [272], suggesting that the 
methylome can keep track of obesogenic events with potential build-up over 
time. Of note, overfeeding resulted in the hypermethylation in the promoter 
of PGC-1α in skeletal muscle that was reversible [273], while 9 days of 
forced physical inactivity did not yield any change [274]. In vitro, different 
fatty acids were demonstrated to exert distinct effects on the methylome of 
monocytes [197], and severe obesity dampened the methylation changes 
induced by lipid exposure in skeletal muscle [198]. Weight loss interven-
tions, either surgical or lifestyle-based, can induce important site-specific 
methylation changes in several tissues. In blood, there was no consistent 
change in methylation at the global level [221,275], but important changes at 
the site-specific level [276,277] after nutritional intervention. A 6 month-
long exercise-based intervention lead to the remodelling of skeletal muscle 
[278] and adipose tissue [279] methylomes of men. Although the LEP pro-
moter can be controlled by methylation, weight-loss induced changes in 
leptin expression do not seem to be methylation-dependent [280]. In an ele-
gant cross-species study, DMRs identified by dietary manipulation of mice 
turned out to be conserved in obesity and reversed by gastric bypass in men 
[210]. Dramatic weight loss induced by gastric bypass was reported to cause 
important methylation changes in blood [281], skeletal muscle [232], 
adipose tissue [282] and sperm [267]. Distinct methylation patterns were 
observed in blood, adipose and sperm from the same individuals after 
surgery, suggesting that changes are tissue-specific [267]. However, methyl-
ation aging of the liver caused by obesity is not reversed after bariatric sur-
gery [283].  

Overall, these results show that DNA methylation correlates with obesity-
related traits and that the methylome is sensitive to obesogenic events and 
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reflects weight changes, in a site-specific and tissue-specific manner, alt-
hough a few sites have been found across several tissues. However, it is im-
portant to keep in mind that methylation changes observed after interven-
tions such as lipid exposure, overfeeding, weight loss programs or gastric 
bypass surgery might not be directly caused by these interventions. For in-
stance, bariatric surgery is a drastic weight loss strategy that also strains the 
body on several other levels (e.g. nutrient deficiency [284], anaemia [285], 
osteoporosis [286]), so it is difficult to disentangle weight loss-induced 
methylation changes from methylation changes caused by other side effects. 

3.2.3. DNA methylation and predisposition to obesity: effects of risk 
variants and developmental programming 
DNA methylation is associated with obesity and is sensitive to lifestyle in-
terventions, but can it also modulate the degree of response to obesogenic 
environments? Can DNA methylation levels exacerbate or dampen the ef-
fects of obesogens and weight loss interventions? Does DNA methylation 
explain why some people are “high responders” and others “low responders” 
to the same environmental exposures? 

One hypothesis that has gained support recently is that parental health sta-
tus and early life environment can predispose the offspring to metabolic 
diseases, a concept that is part of the developmental origins of health and 
disease (DOHaD) (Figure 23). One possible mechanism mediating these 
effects is the alteration of DNA methylation patterns. Indeed, early-life so-
cio-economic conditions, nutrition, maternal smoking, alcohol consumption 
and gestational diabetes have been shown to affect DNA methylation of the 
offspring in a sex-specific and time-specific manner. Most of the evidence so 
far comes from animal models, human studies being more limited, extremely 
heterogeneous and somewhat inconsistent [287–290]. For instance, differen-
tial methylation at genes important for metabolism [291,292], including low-
er methylation at the imprinted IGF2/H19 locus [293] was found in blood of 
adult offspring whose mothers experienced the Dutch famine of 1944. This 
effect was only visible for mothers who experienced famine during early 
gestation, and the IGF2/H19 hypomethylation was more visible in men than 
in women [291]. While this cohort provides a unique opportunity to study 
the effects of undernutrition in utero, stress experienced by the mothers be-
cause of the war and the very harsh winter are potential confounders. It 
should also be noted that there was a high perinatal mortality and only the 
children who survived were studied. In rural Gambia where there are strong 
variations of food availability depending on the time of year, Waterland et 
al. contrasted global methylation levels between children conceived during 
the rainy season (proxy for a period of low intake of methyl donors) and 
children conceived during the dry season (proxy for a period of high intake 
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of methyl donors). They found higher methylation in the blood of 8 year-old 
children that had been conceived during the rainy season, which argues to-
wards an influence of maternal diet on the offspring’s methylome, but the 
effect was in opposite direction to what was expected (a reduction in methyl 
donors during the rainy season was expected to cause hypomethylation) 
[294]. Something may also be going on on the father’s side: it was recently 
shown that the sperm methylome carries signs of obesity [295] and that gas-
tric bypass remodels the sperm methylome [267], but whether these modifi-
cations are effectively transmitted to the offspring is unknown. Even if all of 
these studies suggest an influence of early-life experiences on the foetal 
methylome, we are still far from knowing to what extent it is affected, to 
what extent it is beneficial or detrimental and which of these effects are site-
specific, tissue-specific, time-specific, sex-specific and ethnicity-specific. 
Heterogeneity in study designs, lack of replication and control groups as 
well as impossibility to assess causation make it difficult to draw definitive 
conclusions on the matter. 

 
Figure 22. The complex metabolic networks that modulate fetal metabolic pro-
gramming. 
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This picture summarizes the putative molecular mechanisms linking impaired nutri-
ent availability during the fetal period with adult chronic diseases such as metabolic 
and cardiovascular disorders, including coronary heart disease, T2D, and insulin 
resistance. The figure illustrates the concept that fetuses adapt to an impaired supply 
of nutrients (under- or overnutrition) by changing their physiology and metabolism, 
in particular by modulating the metabolic transcriptional program of target tissues. 
Epigenetic modifications, such as DNA methylation and covalent posttranslational 
histone modifications provide a molecular explanation of how these complex meta-
bolic networks coordinately influence fetal metabolic programming. A nutrient-
restricted fetal environment may be more likely associated with the induction of 
changes in tissue structure and function, particularly in cardiovascular system, main-
ly regulated by growth factors. Conversely, a maternal “obesogenic” environment is 
more likely associated with metabolic reprogramming of glucose and lipid metabo-
lism in the liver. Finally, two different hypotheses regarding whether fetal metabolic 
programming is controlled by metabolically active target tissues such as the liver, or 
is modulated by central neural pathways involved in appetite and energy balance 
regulation such as the hypothalamus are shown, and the concept of “mitochondrial 
programming” is introduced as operating on the modulation of metabolic function. 
IUFGR, intrauterine fetal growth restriction; LGA, large for gestational age; Mt, 
mitochondrial; SGA, small for gestational age. Adapted from [296] 

Response to obesogenic exposures and weight loss interventions may be 
modulated by methylation levels at baseline [297]. Being born with a low 
birth weight (LBW) is associated with an increased risk of developing meta-
bolic disorders later in life [298] (Figure 23). LBW subjects exhibit lower 
methylation in the promoter of PGC-1α in skeletal muscle [273] and epige-
netic alterations in adipose tissue that potentially influence insulin resistance 
and risk of T2D [271]. One study showed that when challenged with high-fat 
overfeeding, PGC-1α mRNA levels dropped only in LBW subjects [273]. 
However, another study found that the entire adipose methylome of LBW 
and control participants responded in a similar manner to high-fat overfeed-
ing [271]. Strong genome-wide methylation differences (up to 35% [276]) 
between high and low responders to nutritional interventions were identified 
at baseline in blood and adipose tissue [297], suggesting that DNA methyla-
tion levels can dampen or exacerbate responses to external stimuli. Is it 
possible that these differences in response are caused by the presence of 
SNPs near the methylation sites? Some SNPs have been shown to correlate 
with proximal DNA methylation levels, providing a potential link between 
risk variants and obesity susceptibility (Figure 24). For instance, a 7.7 kb 
region of haplotype-specific methylation was discovered at the FTO locus 
because of the presence of CpG-creating SNPs [299]. Polymorphisms in the 
adrenoceptor beta 3 (ADBR3) candidate gene associated with ADBR3 meth-
ylation and with metabolic disturbances in men [300], and SH2B adaptor 
protein 1 (SH2B1) CpG-SNP associated with body weight reduction in obese 
subjects following a dietary restriction program [301]. However, at the ge-
nome-wide level, it seems that methylation differences observed in metabol-
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ically sick individuals [253] or in response to weight loss [267] are not driv-
en by DNA sequence differences. Actually, in one large cohort study, meth-
ylation profiles predicted BMI independently of genetic profiles in an addi-
tive manner [255]. 

 
Figure 23. An approach for joint quantitative analysis of gene expression and regu-
latory QTLs. 
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(A) This example, using hypothetical data, shows a QTL that is associated with 
levels of both DNA methylation in an upstream CpG island (left) and gene expres-
sion (right). Though the example QTL shown here indicates higher DNA methyla-
tion due to a G allele (potentially in a CpG pair), SNPs associated with methylation 
do not necessarily always fall in CpG dinucleotides. (B) The observed correlation 
between DNA methylation and gene expression levels could be due to a few differ-
ent underlying relationships, two of which we have highlighted here. The extent to 
which gene expression and regulatory differences are correlated through an interme-
diate variable is often tested using an approach called partial correlation analysis. 
This involves regressing out the effects of an intermediate variable—genotype in 
this example—from both DNA methylation and gene expression levels and then 
evaluating the residual correlation between the two variables (left). One possibility 
is that the QTL directly affects differences in DNA methylation, which then deter-
mine (cause) the gene expression level. Thus, gene expression is regulated by the 
genotype through the DNA methylation effects (middle), and the residual variance 
in gene expression levels will still be correlated to residual DNA methylation levels. 
Alternatively, genotype is independently associated with both DNA methylation and 
gene expression levels—for instance, by directly influencing changes in an upstream 
mechanism (such as transcription factor binding) that affects DNA methylation and 
gene expression levels. This would make DNA methylation and gene expression 
appear to be correlated, but not causally related (right), and the residual values no 
longer show any significant correlation). Taken from [169] 

 
Collectively, there is accumulating evidence that predisposition to obesi-

ty and responsiveness to lifestyle interventions is partly embedded in the 
methylome. The presence of SNPs at certain loci may contribute to this sus-
ceptibility through DNA methylation changes, but more research is needed 
to give a full picture of how the genome and the methylome interact in the 
pathogenesis of obesity. 

3.3. Challenges to face 
By nature, epigenomic studies, especially the ones performed at the ge-

nome-wide level, combine many of the difficulties of genetic studies, with 
difficulties inherent to epigenomics [302–305]. We will now review some of 
the most important biological and statistical issues that have not yet been 
fully addressed. 

3.3.1. Biological challenges 
In observational studies, it is usually impossible to determine whether the 
methylated regions that correlate with obesity-related traits are a cause or 
simply a consequence of the metabolic disturbance. In light of what we 
know about the sensitivity of DNA methylation to various environments and 
the establishment of obesity, it is likely that some methylation changes are 
slow, progressive and result from accumulated repetitions of metabolic stress 
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while others, established early by risk variants or adverse early-life condi-
tions, give an increased susceptibility to develop obesity. It is also conceiva-
ble that some of the DNA methylation changes caused by obesity would in 
turn confer an increased susceptibility to further develop obesity, thus fuel-
ling a vicious cycle. However, we currently have very little idea of whether 
this is true or not and what specific genomic regions or tissues are involved. 
Interventional studies, longitudinal studies of monozygotic twins and 
randomized controlled trials are good designs to answer questions of cau-
sality, but they are extremely expensive and would need to be conducted 
over extended periods of time to truly mimic the pathogenesis of obesity and 
to accurately reproduce human weight trajectories. A technique called Men-
delian randomization that uses meQTL has been recently developed to help 
answer causality issues [306] (Figure 25), and it was successfully used to 
show that HIF3A methylation is likely a consequence of obesity [249,307], 
and that maternal hyperglycemia is part of causal pathways influencing off-
spring LEP epigenetic regulation in newborns [308]. 

 
Figure 24. Two-step epigenetic Mendelian randomization: applying the principle of 
Mendelian randomization to DNA methylation as an intermediate phenotype. 

Genetic variants can be used as instrumental variables in a two-step framework to 
establish whether DNA methylation is on the causal pathway between exposure and 
disease. An overview of the two-step framework of this approach is shown. (A) 
First, an SNP is used to proxy for the environmentally modifiable exposure of inter-
est and (B) secondly, a different SNP is used to proxy for DNA methylation levels. 
Taken from [306] 

This causality issue brings about another problem: how do we appropri-
ately define individuals at risk? Obesity and BMI are widely considered to 
be appropriate proxies for metabolic risk, but as much as a third of individu-



 
 
 

62 

als deemed obese are in fact metabolically healthy [309,310] (Figure 26)! 
And even if these variables may be useful at a large-scale population level, 
the sample sizes often used in the aforementioned studies are probably too 
small to justify the use of BMI or weight category. Using better proxies for 
metabolic risk such as waist circumference and central adiposity will likely 
give better estimates and statistical inferences. The methylomes of obese 
individuals are often tested at a single point in time, but their weight trajec-
tories (i.e. weight gain, loss and regain) may be more important for disease 
susceptibility. A recent study revealed important differences in mortality 
between those who lost weight, those who remained obese and those who 
were never obese; strikingly, mortality was similar in individuals who re-
mained obese and formerly obese individuals who lost weight [311] (Figure 
27). This could be explained by the fact that obesity at a particular age may 
predispose to illness, regardless of weight at higher ages, and the fact that 
weight loss is often associated with illness such as diabetes and cardiovascu-
lar disease. Studies considering weight trajectories and weight maintenance 
will therefore yield results that are more useful from a clinical perspective. 

 
Figure 25. Factors that might distinguish metabolically healthy but obese individu-
als from metabolically abnormal obese subjects despite a similar fat mass. 

Adapted from [310] 
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Figure 26. Age-standardized mortality rates for individuals who were normal weight 
at survey, stratified by maximum BMI. 

Normal weight, 18.5–24.9 kg/m2; overweight, 25.0–29.9 kg/m2; obese, 30 kg/m2 and 
above. Mortality rates were age-standardized to the US 2000 Census, using 5-y age 
groups between 50 and 84 y. Estimates are weighted and account for complex sur-
vey design. Taken from [311] 

The temporal aspect is really a central issue in epigenomic studies. Con-
trary to the genome (with the exception of rare mutations), the methylome is 
flexible and sensitive to many environmental insults throughout life. And 
precisely because the epigenome can be modulated by so many factors (e.g. 
SNPs, early-life environment, diet, physical activity, age, smoking, sex, 
etc.), confounders are omnipresent and difficult to fully account for. It 
would help to have a better picture of what a “normal” epigenome looks like 
in different tissues, but the natural and stochastic variations of the methylo-
me are poorly characterized. However, what is perhaps more important than 
trying to account for all potential confounders is to know the effect sizes of 
these confounders, and to what extent they can bias the results of a given 
study. In particular, given the high sexual dimorphism often seen in animal 
models of early-life exposures, differences between sexes as well as ethnici-
ties need to be better considered. 
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Perhaps the thorniest and most recurrent problem in epigenomics is tissue-
specificity. DNA methylation patterns are highly tissue-specific [84], to the 
point where intra-individual between-tissue variation in DNA methylation 
greatly exceeds inter-individual differences [176]. For instance, the associa-
tion between BMI and HIF3A methylation was seen in blood but not in skin 
[249]. However, there is often limited availability of metabolically relevant 
tissues in humans so many studies are performed in blood. Some methyla-
tion changes associated with metabolic traits may be found both in blood and 
other tissues [176], but as methylation changes reflect tissue-specific re-
sponses to environmental stimuli, this will likely concern only a limited 
number of methylation sites. Depending on the goal of the study, it is im-
portant to replicate changes seen in blood in the relevant tissue: studies that 
seek to better understand the mechanistic link between the epigenome and 
the pathogenesis of obesity need to replicate their findings in their tissue of 
interest; however, studies that only aim at finding biomarkers for specific 
outcomes (e.g. obesity risk, weight loss response to T2D susceptibility) do 
not need to replicate their findings in other tissues, as it is blood that will be 
used to assess risk in patients [312]. Moreover, cell-type heterogeneity 
within a given tissue poses an additional problem, as observed methylation 
differences may actually be only due to differences in cell type composition. 
This is particularly true in blood, a tissue made of widely heterogeneous 
cells such as monocytes, granulocytes, T-cells and B-cells [313]. This is a 
huge concern in obesity, since obesity itself results in an inflammatory state 
in metabolic tissue and a change of blood cell type composition [314] (Fig-
ure 28). When flow cytometry is possible, cell counts can be used to adjust 
for cell type composition [315], but recent bioinformatical techniques have 
been developed to infer this cell type composition by relying only on DNA 
methylation patterns [313,316]. However, these adjustments may not be 
sufficient if cell type compositions are too heterogeneous, so studying the 
methylomes of specific cell types may be necessary yet difficult to achieve. 
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Figure 27. Phenotypic modulation of adipose tissue. 

Adipose tissue can be described by at least three structural and functional classifica-
tions: lean with normal metabolic function, obese with mild metabolic dysfunction 
and obese with full metabolic dysfunction. As obesity develops, adipocytes undergo 
hypertrophy owing to increased triglyceride storage. With limited obesity, it is likely 
that the tissue retains relatively normal metabolic function and has low levels of 
immune cell activation and sufficient vascular function. However, qualitative chang-
es in the expanding adipose tissue can promote the transition to a metabolically 
dysfunctional phenotype. Macrophages in lean adipose tissue express markers of an 
M2 or alternatively activated state, whereas obesity leads to the recruitment and 
accumulation of M1 or classically activated macrophages, as well as T cells, in adi-
pose tissue. Anti-inflammatory adipokines, including adiponectin and secreted friz-
zled-related protein 5 (SFRP5), are preferentially produced by lean adipose tissue. In 
states of obesity, adipose tissue generates large amounts of pro-inflammatory fac-
tors, including leptin, resistin, retinol-binding protein 4 (RBP4), lipocalin 2, angio-
poietin-like protein 2 (ANGPTL2), tumour necrosis factor (TNF), interleukin-6 (IL-
6), IL-18, CC-chemokine ligand 2 (CCL2), CXC-chemokine ligand 5 (CXCL5) and 
nicotinamide phosphoribosyltransferase (NAMPT). Obese individuals with adipose 
tissue in a metabolically intermediate state have improved metabolic parameters, 
diminished inflammatory marker expression and better vascular function compared 
with individuals that have metabolically dysfunctional adipose tissue. Metabolically 
dysfunctional adipose tissue can be associated with higher levels of adipocyte necro-
sis, and M1 macrophages are arranged around these dead cells in crown-like struc-
tures. Taken from [317] 

3.3.2. Statistical and bioinformatical challenges 
The bioinformatic and biostatistic treatment of DNA methylation data is a 
field in rapid expansion, especially for DNA methylation data generated with 
no gold standard defined so far. 
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Where in the genome should we look to find relevant DMRs in relation to 
obesity? Given our limited knowledge on the function of DNA methylation 
outside of promoters, most candidate-gene studies have focused on gene 
promoters, and the first genome-wide DNA methylation chip developed by 
Illumina (HumanMethylation 27k beadchip) also targeted gene promoters. 
While these regions are known to be involved in the regulation of develop-
mentally expressed housekeeping genes and have an important role in the 
pathogenesis of cancer [303], we do not know whether they are prominent 
genomic loci in the pathogenesis of obesity. The development of the Hu-
manMethylation 450k beadchip by Illumina has extended the interrogation 
of methylation sites within gene bodies, CpG-poor promoters and between 
genes. Interestingly, most of the EWASs previously mentioned found an 
enrichment of DMRs in the open sea and enhancers, suggesting that regula-
tory regions and not promoters may be the prominent targets in the patho-
genesis of obesity. However, is the annotation of CpGs to certain genes and 
regulatory regions as straightforward as often mentioned in papers? A CpG 
that falls into the promoter of a gene or within a gene body is often automat-
ically annotated to the gene in question, but we can very well imagine that a 
region would serve as an enhancer in a tissue and as a promoter in another 
tissue. We need more information on the underlying chromatin state of 
specific tissues to appropriately assign CpGs to certain genes, and some in-
ternational consortia (ENCODE, Roadmap Epigenomics, FANTOM5) have 
generated data that should help with that. Moreover, non-CpG methylation 
deserves more attention since it was associated with T2D [91], markers of 
obesity [318], and it was shown to be sensitive to acute exercise [93] and 
gastric bypass surgery [318]. Finally, many studies have used gene enrich-
ment tools to find significant enrichment in certain pathways. However, the 
gene enrichment tools that were initially developed for transcription microar-
ray data may not be appropriate for methylation data. For instance, using 
gene set enrichment analysis on methylation data yields biased results be-
cause of differences in the numbers of CpG sites associated with different 
classes of genes and gene promoters [319]. 

Even if it covers 99% of RefSeq genes, the HumanMethylation 450k 
beadchip interrogates less than 2% of all CpG sites in the human genome, so 
human methylome changes with obesity remain largely unknown. And what 
if obesity actually causes methylome changes that are very small but that 
target a very high number of genes and pathways, leading to big effects? 
Now that techniques like WGBS have been developed and become increas-
ingly cheaper, we have the ability to assess the entire methylome. The ques-
tion is: do we have the appropriate statistical tools to analyse it (Figure 29)? 
Studies have already had to deal with the multiple testing problem and 
often report only a couple of significant DMRs to keep the false positive rate 
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at a certain level. To circumvent this issue, it is possible to restrict the analy-
sis to certain regions, but then the global picture of the methylome is lost. It 
is also possible to average the methylation levels of proximal CpG sites 
since they are often correlated, but if only a single CpG site is important for 
the regulation of gene transcription, its variations with obesity would be 
diluted and go unnoticed. A recently developed R package called DMRcate 
makes use of methylation differences at single sites to find DMRs without 
loss of information, and it should be very useful in future EWASs [320]. 
Moreover, the reported effect sizes of most studies are extremely small and 
often close to the technical variability of the Illumina HumanMethylation 
beadchip (<5% methylation difference). Can a sample of only a few hundred 
individuals suffice to find robust methylation differences between groups 
that are that small? More importantly, what do these methylation differences 
actually mean? Are they biologically active? 

 
Figure 28. Effective identification of differentially methylated regions in a highly 
annotated genome. 
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a | An illustrative example of differences in DNA methylation within the promoter 
region of a gene and at an upstream enhancer. For easier visualization, DNA meth-
ylation data are shown for only three cases and three controls (a realistic number 
would be hundreds of samples) and for ten CpGs in total (dozens to hundreds of 
CpGs are realistic numbers for a typical promoter region). b | When DNA methyla-
tion levels between cases and controls are compared at the resolution of single 
CpGs, all multiple-testing-corrected q values > 0.05 and are therefore considered to 
be insignificant. c | When combining statistical evidence from neighbouring CpGs 
over a fixed distance (tiling regions highlighted in green), one region is identified as 
being significantly more methylated in cases than in controls (q value = 0.048). d | 
When combining statistical evidence across all CpGs that can be assigned to the 
same functional element on the basis of external genome annotation data, two DMRs 
are identified: the upstream enhancer (highlighted in purple) is significantly more 
methylated in cases (q value = 0.024), and the promoter region (in orange) is signifi-
cantly more methylated in controls (q value = 0.045). The figure is based on the 
following statistical methods. Differences in DNA methylation at single CpGs (in b) 
are identified by unpaired, one-sided t tests, which assess whether or not the DNA 
methylation levels at the specific CpG are significantly higher in cases than in con-
trols, and vice versa. The reason for using two separate one-sided tests lies in the 
ability to combine their results as described below; nevertheless, one two-sided test 
works equally well if no combination of P values is intended. For the tiling region 
analysis (in c), the locus is segmented into equally spaced regions, and the statistical 
significance for each of these regions is assessed using a generalization of Fisher’s 
method. This method combines the P values of all single CpGs that fall into the 
region while accounting for linear correlations between neighbouring CpGs (which 
are estimated to be ≤ 0.8 on the basis of empirical observations for genome-wide 
bisulphite-sequencing data). The annotated genome analysis (in d) uses external 
genome annotation data to focus the statistical analysis on those combinations of 
CpGs that are likely to work together as an epigenetic switch: for example, by deac-
tivating a known promoter or enhancer element. In all three cases, q values are cal-
culated as estimates of the multiple testing- corrected false discovery rate, and a q 
value of 0.05 is used as the significance threshold for each direction of the compari-
son. Note that in this example the analysis of tiling regions increases statistical pow-
er because neighbouring CpGs exhibit correlated changes in DNA methylation, and 
the incorporation of genome annotation data leads to further improvements, because 
the CpGs in the enhancer as well as those in the promoter exhibit a coordinated 
switch of their DNA methylation levels. Adapted from [321] 

Clearly, many biological and bioinformatical issues need to be solved 
if we want to understand how the methylome is modulated in the patho-
genesis of obesity. How do obesity-associated gene variants act at the mo-
lecular level to cause an increased susceptibility to metabolic disorders? Are 
the obesogenic effects of environmental factors such as sleep deprivation 
and diet mediated by changes in the epigenome? Do weight trajectories of 
mothers impact their offspring’s phenotype, and if so, is the epigenome in-
volved? The following four papers are the result of three years of intense 
research, with the constant wish to keep updated with the latest development 
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in the field and they give some new interesting insights into the interplay 
between our methylome and obesity. 



 
 
 

70 

Aims 

The overall aim of this thesis was to investigate epigenetic changes asso-
ciated with genetic and environmental obesogenic exposures. We particular-
ly focused on DNA methylation in relation to genetic risk variants, nutrition, 
sleep and developmental programming. 

More specifically, the aim of each paper was as follows: 
 In paper I, the aim was to see whether SNPs discovered in 

GWASs for obesity-related traits associated with proximal DNA 
methylation in blood. Furthermore, we wanted to functionally 
characterize the methylated CpGs associated with SNPs. 

 In paper II, the aim was to see whether dietary measures of fat in-
take associated with DNA methylation levels in blood. We specif-
ically wanted to compare results obtained for measures of dietary 
fat quantity and dietary fat quality. 

 In paper III, the aim was to see whether one night of complete 
sleep deprivation could impact the transcription and DNA meth-
ylation of four core circadian genes (CLOCK, BMAL1, PER1, 
CRY1) in adipose tissue and skeletal muscle of young healthy 
men. 

 In paper IV, the aim was to see whether chronic maternal obesity 
impacts foeto-placental growth and the expression of 60 epigenet-
ic machinery genes and 32 metabolic genes in foetal liver and 
placenta, using a mouse model. 
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Results 

Paper I 
In this first study, we tested associations between 52 SNPs that were previ-
ously identified in GWASs or meta-analyses to be associated with obesity 
traits, and proximal DNA methylation in whole blood of 355 healthy young 
individuals. The rationale for only testing methylation sites that were within 
500kb of each SNP was based on previous studies in various tissues that 
showed the presence of meQTLs essentially within 500kb of CpGs. Using a 
linear model adjusted for age, sex, weight category and proxy for blood cell 
counts, we found that alleles at 28 of the 52 obesity-associated SNPs associ-
ate with methylation levels at 107 proximal CpG sites. This suggests that 
carriers of obesity-associated risk alleles display complex alterations of the 
gene regulatory landscape. 

To link these methylation differences to the pathogenesis of obesity, we 
then annotated these CpG sites to genes and chromatin states. Out of 107 
CpG sites, 38 are located in gene promoters, including genes strongly impli-
cated in obesity (MIR148A, BDNF, PTPMT1, NR1H3, POMC, LGR4, 
TUFM, SULT1A1, SULT1A2, APOBR, CLN3, SH2B1). We applied the 
chromHMM software to seven genome-wide patterns of histone modifica-
tions shared by the Roadmap Epigenomics project, in order to infer chroma-
tin states in eleven metabolically relevant tissues. Interestingly, the 107 CpG 
sites were enriched in enhancers in PBMCs, and we sought to identify genes 
putatively regulated in cis or in trans by these CpGs. Using data from the 
FANTOM5 project and ChIA-PET libraries, we also found that the CpG 
sites were located in regions showing putative long-range interactions with 
nearby promoters, including genes for which the corresponding SNPs are 
known eQTLs (C1QTNF4, CELF1, NUP160 and ADCY3). These results 
suggest that carriers of obesity-associated risk alleles display complex altera-
tions of the gene regulatory landscape. We finally tested some of our initial 
findings in other tissues (skin fibroblasts, brain and adipose tissue), and 
some SNP-CpG associations were indeed replicated in skin fibroblasts. 

Our results strongly suggest that many obesity-associated SNPs are asso-
ciated with proximal gene regulation, which was reflected by association of 
obesity risk allele genotypes with differential DNA methylation. This study 
highlights the importance of DNA methylation and other chromatin marks as 



 
 
 

72 

a way to understand the molecular basis of genetic variants associated with 
human diseases and traits. 

Paper II 
In this second study, we tested associations between genome-wide blood 
methylation levels at gene promoters and dietary fat intake variables in a 
cohort of 69 Greek preadolescents. Not only did we investigate quantitative 
measures of dietary fat intake (proportion of energy intake derived from fat, 
cholesterol intake), but also qualitative measures of dietary fat intake (ratios 
between different fatty acids: MUFA/SFA, PUFA/SFA, 
(MUFA+PUFA)/SFA). Using a robust linear model adjusted for sex, weight 
category, Tanner stage and white blood cell count, we found that quantitative 
measures of fat intake associate with very few DMRs while qualitative 
measures of fat intake associate with many DMRs. This suggests that specif-
ic dietary fat profiles might cause physiological responses underpinned by 
DNA methylation changes. 

To link these DNA methylation associations to metabolic pathways, we 
looked more closely at the genes containing the DMRs. One of the five 
DMRs identified for the proportion of energy intake derived from fat lied in 
the promoter of TXNIP, a gene known to play a role in inflammation, insulin 
secretion and sensitivity, glucose uptake and gluconeogenesis, and a gene 
that was found to be upregulated by a high-fat diet in rodents. We performed 
gene enrichment analysis on the DMRs found for qualitative measures of fat 
intake, using two different online-based tools (CPDB and g:profiler): while 
no enrichment was found for MUFA/SFA, (MUFA+PUFA)/SFA showed 
enrichment in 5 pathways and PUFA/SFA showed enrichment in 34 path-
ways, including mechanism of gene regulation by peroxisome proliferators 
via PPARα, adipogenesis, the leptin pathway and IL6. 

Despite some limitations (small sample size, replication not tested in oth-
er tissues, impossibility to determine causality), this work was the first of its 
kind conducted in children and it led to the conclusion that fat quality may 
influence DNA methylation on a large genomic scale. DNA methylation 
could be one of the molecular underpinnings of the different cell and physio-
logical responses associated with different types of dietary fatty acids. 

Paper III 
In this third study, we tested whether one night of complete sleep deprivation 
could impact the transcription and DNA methylation of four core circadian 
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genes (CLOCK, BMAL1, PER1, CRY1) in adipose tissue (AT) and skeletal 
muscle (SM) of young healthy men. We set a randomized controlled trial in 
which subjects were put under two conditions in random order: one full 
night of sleep and one full night of wakefulness. Tissue samples were taken 
in the morning at a set time, and transcription was assessed by qPCR while 
DNA methylation was assessed with the Illumina HumanMethylation 450k 
beadchip. This methylation array contains CpGs that are spread over the 
entire genome, and we needed to select CpG sites that were putatively in-
volved in the regulation of the four investigated genes. First, we selected all 
CpG sites located within 1500bp of the TSS of each gene and likely directly 
involved in the regulation of transcription. Then, we made use of publicly 
available epigenetic information from the Roadmap Epigenomics Project to 
infer chromatin states in AT and SM, and open-access ChIA-PET long-range 
interactions to identify putative enhancers for the four genes under investiga-
tion. We also made use of the presence of technical replicates to make sure 
that the observed methylation changes were not purely due to the technical 
variability of the chip. 

We identified transcription changes in SM, and methylation changes in 
AT. In SM, BMAL1 and CRY1 were downregulated by ~20%; in AT, one 
CpG site in the promoter of CRY1 and two CpG sites located in a PER1 en-
hancer were hypermethylated by ~0.5%. The methylation effect size may 
seem extremely small, but we had four pairs of technical replicates at our 
disposal and we ensured that at least half of our samples showed a methyla-
tion difference between conditions greater than the mean methylation differ-
ence in technical replicates. These results show that a single night of wake-
fulness can alter the epigenetic and transcriptional profile of core circadian 
clock genes in key metabolic tissues. Tissue-specific clock alterations could 
explain why shift work may disrupt metabolic integrity. 

Paper IV 
In this fourth study, we used a mouse model to test the effects of chronic 
maternal obesity on foeto-placental growth and on the expression of 60 epi-
genetic machinery genes and 32 metabolic genes in foetal liver and placenta. 
This is of fundamental importance to understand the molecular basis of the 
developmental origins of health and disease. We also tested whether precon-
ceptional weight loss could alleviate the effects seen in the offspring of the 
obese mothers, to explore whether weight loss prior to pregnancy is actually 
beneficial for the offspring.  

Female mice were fed either a control diet (CTRL group), a high-fat diet 
(obese (OB) group), or a high-fat diet switched to a control diet two months 
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before conception (weight loss (WL) group). Foetuses from OB mothers 
showed foetal growth restriction, and 28% of the foetuses were small for 
gestational age, but foetuses from WL mothers were comparable to foetuses 
from CTRL mothers. Foetal liver and placental labyrinth were more respon-
sive to maternal obesity than junctional zone in terms of transcriptional re-
sponse. No less than 30% of the 60 epigenetic machinery genes and 16% of 
the 32 metabolic genes showed transcription difference between at least two 
groups, in at least one of the three investigated tissues. Genes involved in the 
histone acetylation pathway were particularly impacted by maternal weight 
trajectories. In foetuses from OB mothers, lysine acetyltransferases and 
Bromodomain-containing protein 2 were upregulated, while most histone 
deacetylases were downregulated. Importantly, the expression of only a sub-
set of these genes was normalized in foetuses from WL mothers. 

This study showed the high sensitivity of the epigenetic machinery genes 
to maternal weight trajectories, especially in foetal liver and placental laby-
rinth. A difference in expression of these genes may lead to epigenetic al-
teration of these tissues, leading to foetal growth restriction. Preconceptional 
weight loss seemed to have beneficial effects on foetal growth restriction, 
but normalization of gene expression did not happen for all genes, showing a 
putative “memory” of weight trajectories at the level of gene transcription. 
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Discussion 

1. What this thesis has made possible and improved 
1.1. An increased knowledge on the relationship between obesity 
and the epigenome 
Before this thesis started, some important issues in the field had not been 
addressed or were only started to be investigated: how do obesity-associated 
gene variants act at the molecular level to cause an increased susceptibility 
to metabolic disorders? Are the obesogenic effects of environmental factors 
such as sleep deprivation and diet mediated by changes in the epigenome? 
Do weight trajectories of mothers impact their offspring’s phenotype, and if 
so, is the epigenome involved? 

While we are far from having addressed these issues exhaustively, we 
have slightly lifted the veil on these important questions. We have shown 
that obesity-associated gene variants are associated with differential DNA 
methylation in cis, and the impacted methylation sites are located in promot-
ers as well as functional regions of the genome relevant for the pathogenesis 
of obesity. We observed extremely diverse effect sizes, ranging from 0.5 to 
57% of variance in methylation explained by genotypes, which is consistent 
with results obtained in other genome-wide meQTLs explorations [173] 
(Table 5). We did not test whether these DNA methylation differences be-
tween genotypes are actively and causatively implicated in modifications of 
chromatin activity at genes implicated in metabolism, or whether they simp-
ly reflect complex alterations of the gene regulatory landscape. Nevertheless, 
these results resonate strongly with the recently discovered mechanism that 
explains the association between FTO risk variants and metabolic traits and 
that involves disruption of long-range interactions between a super enhancer 
and its targets [52,53] (Figure 5). Interestingly, a genome-wide study inte-
grating genetic, epigenetic, transcriptomic and phenotypic data in 119 men 
demonstrated that some genetic variants mediate their effects on metabolic 
traits via altered DNA methylation in human adipose tissue [322]. In our 
study, no less than half of the 52 obesity-associated SNPs we tested showed 
associations with proximal DNA methylation levels, indicating that a dis-
turbed chromatin activity and long-range interactions may indeed be com-
mon in the presence of risk alleles. It is however important to stress that 
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these associations were essentially found in blood, and we still do not know 
whether the very same associations exist in other tissues that are more rele-
vant for metabolism (e.g. brain, adipose tissue, pancreas, liver). 
 

 

 

Table 3. Overview of genetics studies of population DNA methylation variation in 
humans. 

Studies were selected if they included more than 10 individuals, used genome-wide 
methods for measuring epigenomic variation and applied mapping approaches to 
identify cis- and/or trans-acting genetic variant. Assoc., association; CRBLM, cere-
bellum; FCTX, frontal cortex; FDR, false discovery rate; FIB, fibroblasts; GWA, 
genome-wide association mapping; GWA-cis, genome-wide association mapping 
that tests only for associations in cis; HPI, human pancreatic islets; ind., individuals; 
LC, lymphoblastoid cells; LCL, lymphoblastoid cell lines; NA, not available; NR, 
not reported; NT, not tested; TCTX, temporal cortex; WB, whole blood; var., varia-
tion. 

§Data contains individuals from diverse populations. 

§§Percent of variance explained by cis and trans loci combined. 
||||Reported numbers refer to a conditional analysis in which variable probes were 
pre-selected. 

¶¶Numbers are based on within-population analysis. 
##Average estimate. 

Taken from [173] 

 
We have also revealed DNA methylation differences with measures of di-

etary fat quality and after sleep deprivation. Contrary to dietary fat quantity, 
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the ratios of different fatty acids were associated with many DMRs at gene 
promoters. The DMRs were in promoters of genes showing enrichment for a 
group of pathways related to adipogenesis and mechanism of gene regulation 
by peroxisome proliferators via PPARa and another group of pathways relat-
ed to leptin and IL6. This is particularly interesting given that a recent re-
view on the effect of diets on morbid tissues concluded: "the type of the lipid 
provided in diets appears to be more important than its quantity, especially 
when considering body fat accumulation and distribution, and metabolic 
influences" [323]. Our study was the first to use a single measure that in-
cludes all three fatty acids as a proxy for the overall quality of fat intake. 
Unfortunately, our data did not allow to discriminate PUFA from trans fatty 
acids that show the strongest association with all-cause mortality [324] (Fig-
ure 30). Nevertheless, MUFA and PUFA induce greater diet-induced ther-
mogenesis, energy expenditure, and fat oxidation than SFA [325]. We do not 
know whether the observed associations are indeed caused by the fat intake 
profile, whether the observed DNA methylation differences play a role in 
metabolic risk, or whether these associations are also found in other tissues. 
Only a couple of studies have tested associations between blood DNA meth-
ylation and intake of PUFA [326,327] or MUFA [327], and although they 
found suggestive associations, they did not show any causal relationship. 
Using an interventional design, we were able to show that one night of total 
sleep deprivation impacts the methylation and transcription of four key cir-
cadian genes in a tissue-specific manner. The observed methylation differ-
ences were extremely small (~0.5% methylation difference after sleep depri-
vation), but above the technical variability observed at these probes. Could 
there be a "build-up" of DNA methylation over time if sleep deprivation is 
repeated? And if so, would these DNA methylation differences be function-
ally important for metabolic risk? 
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Figure 29. Summary most adjusted relative risks of total trans fat, industrial trans 
fat, and ruminant trans fat and all cause mortality, CHD mortality, total CHD, is-
chemic stroke, and type 2 diabetes. 

For total trans fats effect estimate for is fixed effect analysis; all others random 
effects analyses. P value is for Z test of no overall association between exposure and 
outcome; Phet is for test of no differences in association measure among studies; I2 is 
proportion of total variation in study estimates from heterogeneity rather than sam-
pling error. Taken from [324] 

Last but not least, we have used a mouse model to circumvent the ethical 
and technical difficulties of studying the influence of parental health on the 
offspring susceptibility to metabolic diseases in humans. We have shown 
that transcription of epigenetic machinery genes in the offspring is sensitive 
to maternal weight trajectories. Enzymes of the histone acetylation pathway 
were particularly impacted by maternal obesity, and preconceptional weight 
loss restored the expression of only a subset of these genes in liver and pla-
centa. This study strengthens the probable involvement of epigenetics in the 
DOHaD paradigm, but there is still some way to go before we prove that the 
same mechanisms exist in humans.  

1.2. A variety of models and study designs 
This thesis has looked at the involvement of epigenetics in obesity from dif-
ferent angles, which has shed light on the strengths, difficulties and weak-
nesses of each approach. We have directly looked at the expression of epige-
netic machinery genes in our mouse model (paper IV), but we have mostly 
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studied DNA methylation in the CpG context using Illumina HumanMethyl-
ation beadchips (paper I, II and III). The HumanMethylation beadchips come 
with inherent preprocessing difficulties for which there is no gold standard, 
so we chose widely-used and well-described methods (e.g. adjustment for 
type I and type II probes, batch correction, quantile normalization). We have 
performed one genome-wide, hypothesis-free investigation (paper II), as 
well as targeted approaches (paper I, III and IV). For practical reasons, hu-
man methylation profiles were derived from blood (paper I and II) but as this 
thesis aimed at understanding molecular mechanisms taking place in meta-
bolically relevant tissues, we looked for extra data in brain and adipose tis-
sue (paper I), and we directly investigated skeletal muscle and adipose tissue 
(paper III), as well as liver and placenta (paper IV). The observational de-
signs of paper I and II allowed us to test more subjects (n=69 and n=355), 
but there are numerous potential confounders and uncertainty surrounding 
dietary reports that are inherent to such designs. In the interventional designs 
of paper III and IV the same individuals were assessed at several time points, 
thus greatly reducing uncontrolled, external influences that could bias our 
results. Finally we worked on preadolescents (paper II), adolescents (paper 
I), adults (paper I and III) and mice (paper IV) as this thesis aimed for a gen-
eral understanding of the link between epigenetics and obesity in the general 
population. 

1.3. Enriching the annotation of DNA methylation using open-
access data 
One major challenge in this thesis was the interpretation of differences in 
DNA methylation profiles [321]. As we highlighted in the introduction, the 
function of DNA methylation is highly context-dependent: when 5meC has a 
role in gene regulation, it does not necessarily regulate the closest gene, and 
the regulated gene(s) can differ depending on the tissue and the developmen-
tal window. Once we find differences in methylation between genotypes 
(paper I), how do we identify the putatively impacted gene(s)? How can we 
identify CpG sites that are indeed involved in the regulation of the four core 
circadian genes we are interested in (paper III)? This can be inferred if we 
know the underlying chromatin state, transcription factor binding and long-
range chromatin interactions at the precise location of our CpGs of interest 
(Figure 29). Performing the actual experiments to obtain that information 
(e.g. ChIP-seq of histone modifications, chromosome conformation capture 
or chromatin interaction analysis by paired-end tag sequencing) would have 
definitely been preferred but extremely time-consuming and costly. Instead, 
we chose to make use of recent data generated by large consortia such as the 
GTEx consortium (2013), the FANTOM5 Project (2014) and the Roadmap 
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Epigenomics Project (2015), as well as older data generated by the Genome 
Institute of Singapore (2011). By cross-checking chromatin states, active 
enhancers, eQTLs in important tissues and long-range interaction infor-
mation, we found that the CpGs showing differential methylation between 
genotypes at obesity-associated SNPs were enriched in enhancers in blood, 
and we could pinpoint the putatively impacted genes. We could also identify 
which CpGs are located in probable enhancers for the four core circadian 
genes (paper III), and it proved useful since two of these CpGs showed con-
sistent hypermethylation after sleep deprivation. Finally, we obtained repli-
cation datasets in other tissues thanks to the shared data that is regularly 
uploaded on open-access platforms such as Gene Expression Omnibus, Ar-
rayExpress and dbGAP. 

While the use of data generated by big consortia definitely helped to make 
sense of the differential methylation signal, there are limitations that are 
important to consider. It is now acknowledged that the epigenome is under 
strong genetic control [173]. Moreover, males and females show marked 
differences in their epigenome and they respond differently to environmental 
stimuli such as social behaviour, nutrition and chemical compounds [328–
331]. The reference epigenomes generated by the Roadmap Epigenomics 
Project [332] and the active enhancers detected by the FANTOM5 Project 
[333] are often derived from pools of individuals or single individuals with 
various ethnicities and sexes, and there is no available information on their 
lifelong environmental exposures. It is therefore possible that the reference 
chromatin states and active enhancers we used in paper I and III did not ac-
curately reflect the chromatin states and active enhancers present in our 
samples. Nevertheless, the inter-individual variability in DNA methylation 
for a given tissue is typically much smaller than the inter-tissue variability 
for a given individual [303,312]. Moreover, differential DNA methylation at 
enhancer elements, with concurrent changes in histone modifications and 
transcription factor binding, is common at the cell, tissue, and individual 
levels, whereas promoter methylation is more prominent in reinforcing fun-
damental tissue identities [334]. Therefore, using reference epigenomes and 
reference chromatin activities in different tissues is likely useful to have a 
general idea of chromatin activity in a tissue of interest, especially at pro-
moters. 
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2. The difficulties of studying the epigenome in the 
context of human obesity 
2.1. Time: a crucial and underestimated factor 
2.1.1. The power of longitudinal and prospective epigenetic studies 
Metabolic disorders are chronic diseases that develop progressively over 
several months to several years, and they are not permanent as individuals 
can lose weight and show improvements in their metabolic parameters. 
However, the body remembers the hardships it goes through. Indeed, indi-
vidual weight trajectories are important when considering mortality risk, as 
mortality was similar in individuals who remained obese and formerly obese 
individuals who lost weight [311] (Figure 27). That is because obesity at a 
particular age may predispose to illness, regardless of weight at higher ages, 
and weight loss is often associated with illness such as diabetes and cardio-
vascular disease. Therefore, longitudinal studies, particularly in twins (Fig-
ure 31), have the ability to capture the dynamics of the epigenome during 
individual weight trajectories, to disentangle causality issues between the 
epigenome and metabolic disorders or mortality risk, and understand wheth-
er and how the body can memorize past metabolic disturbances [49]. To our 
knowledge, no study has taken such an approach yet. From a more clinical 
standpoint, prospective studies can identify epigenetic markers of individ-
uals at higher risk of developing metabolic diseases. A recent prospective 
EWAS performed in ~25,000 Indian Asians and Europeans identified several 
CpG sites whose methylation levels in blood associated with future inci-
dence of T2D [257]. Two of these sites were recently confirmed in the blood 
of another independent prospective cohort of T2D [269], showing the poten-
tial for such approaches and their therapeutic applications. 
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Figure 30. Longitudinal analysis of epigenetic changes in a population cohort of 
monozygotic twins. 

The longitudinal analysis of epigenetic changes in a population cohort of monozy-
gotic (MZ) twins is a strategy that can be particularly informative for understanding 
epigenetic variation and its links to disease. MZ twins share their DNA sequence, 
parents, birth date and sex, and are likely to have experienced a very similar prenatal 
environment. The figure highlights tissue-specific epigenetic marks (green) being 
established during gestation, which are stably maintained through life in both twins. 
Some stochastic epigenetic drift (orange) occurs during development, resulting in 
some epigenetic discordance between the two twins, but this is not necessarily relat-
ed to the phenotype of interest. Non-shared environmental risk factors (lightning 
symbol) can induce exposure-specific alterations (red), which may be present across 
cell types but induce pathogenic changes only in tissues in which the disease-
associated gene (blue bar) is expressed. The longitudinal sampling from these twins 
would highlight high phenotypic and epigenetic concordance at time A, with some 
stochastic epigenetic drift. After exposure (time B), the twins might become dis-
cordant for disease and show epigenetic differences at the disease-associated locus. 
Further sampling at time C might identify changes caused by the disease itself or 
perhaps a tissue-specific effect of medication. Taken from [303] 
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Interventional studies that look at the epigenetic basis of individual sen-
sitivity to weight gain or weight loss can help identify individuals at high-
est risk of developing metabolic diseases and individuals most likely to ben-
efit from weight loss interventions [297]. To date, few markers have been 
consistently found across studies, but TNF-α is a promising candidate since 
it was found hypomethylated in both blood and adipose tissue of the high 
responders to weight loss interventions [335,336]. Nevertheless, considering 
the health risks associated with past obesity, more studies investigating per-
sonal sensitivity to weight gain would be welcome. Such interventional stud-
ies can also help answer questions such as: how plastic and resilient is the 
epigenome after exposure to an obesogenic stress? Is there a “build-up” of 
epigenetic changes over time, and if so, how long does it take to reach a 
build-up with significant effects on the phenotype? Are there environmental-
ly-induced epigenetic changes that are irreversible? Short-term experiments 
have demonstrated the potential of high-fat overfeeding to induce genome-
wide DNA methylation changes in adipose tissue [271] and skeletal muscle 
[272]. Interestingly, the methylation changes in skeletal muscle were only 
partly reversible after 6-8 weeks [272], suggesting that the methylome can 
keep track of obesogenic events with potential build-up over time. Paper III 
in this thesis also showed that acute sleep deprivation can induce methyla-
tion changes in core circadian genes in adipose tissue, and it would be ex-
tremely interesting to investigate a potential "build-up" of methylation 
changes with chronic sleep deprivation. 

2.1.2. Discrepancy between DNA methylation and gene transcription: a 
time lag problem, an annotation problem, or not a problem at all? 
A recurrent problem in the field is the apparent lack of correlation between 
DNA methylation and transcription. Most observational and interventional 
studies investigating the link between metabolic disorders and DNA methyl-
ation have looked for DNA methylation changes that are concomitant with 
transcriptional changes [91,194,278–280,337]. While this is a perfectly valid 
approach that can give information on the function of DNA methylation at 
the detected sites, it must be interpreted with caution. As we mentioned in 
the introduction, the relationship between transcription and DNA methyla-
tion is complex and context-dependent; transcription relies heavily on the 
presence or absence of other factors such as the transcription machinery and 
activating TFs. Therefore, while DNA methylation changes concomitant 
with transcriptional changes are indicative of a probable causal relationship 
between DNA methylation and transcription, a lack of significant correlation 
between DNA methylation and transcription cannot be interpreted as a lack 
of causal relationship. Indeed, if DNA methylation reflects past chromatin 
activity and can "prime" genes to be activated or repressed, in many cases 
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there would be the need for an environmental stress or stimulus to reveal the 
effects that DNA methylation has on transcription (Figure 32). The relevant 
question to understand the role of DNA methylation in metabolic disorders 
then becomes: can baseline methylation differences induce a difference in 
transcriptional response to a specific environmental stimulus, and if so, 
is this response related to metabolic disorders? One study has taken such an 
approach by comparing the transcriptional response of lean and obese wom-
en after exposure of their skeletal muscle to lipids [198]. They found that 
obese women had an impaired ability to upregulate global transcriptional 
regulators of fatty acid oxidation in response to lipid exposure, but these 
differences were not mediated by a difference in baseline methylation at 
PPARδ [198]. In addition, the speed at which DNA methylation and gene 
transcription change may explain why methylation and transcription often do 
not correlate. In a study looking at the influence of acute exercise on DNA 
methylation and transcription, promoters of TFAM and PPARδ were hypo-
methylated and transcribed at the same time, while promoters of PGC-1α 
and PDK4 were hypomethylated immediately after exercise but transcribed 
only 3h after [93] (Figure 33). Therefore, there seems to be variability in the 
timing of DNA hypo- or hyper-methylation induced by environmental stimu-
li and the corresponding gene transcription [338]. 
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Figure 31. Potential effect of environmentally induced epigenetic changes on gene 
expression. 

In this hypothetical model, gene A is hypomethylated, while gene B is hypermethyl-
ated in response to environmental cues. Gene expression changes might not occur 
until a secondary environmental stress or specific physiological state is altered, 
thereby enabling specific transcription factors to bind to the hypomethylated gene A, 
but not to hypermethylated gene B, which results in transcription of gene A. This 
model also explains the often observed discrepancy between DNA methylation and 
transcriptional changes. In this model, the same epigenetic modification in multiple 
tissues might only be functionally relevant in a given tissue if a specific transcription 
factor is also activated. Taken from [339] 

Another hypothesis that can explain the apparent lack of correlation be-
tween DNA methylation and transcription has to do with the annotation of 
5meC. As mentioned in the introduction, chromatin states at given positions 
vary between tissues, so 5meC may regulate different genes depending on 
the tissue. For instance, elements called cis-regulatory elements with dynam-
ic signatures show a strong promoter signature in one tissue but an enhancer 
signature other tissues [332,340,341]. Therefore, a given 5meC can be locat-
ed in the promoter of gene G1 and regulate gene G1 in tissue T1, but if that 
genomic location also corresponds to an enhancer for gene G2, the 5meC 
would then regulate gene G2 in tissue T2. Unfortunately, little effort has been 
made to annotate 5meC with accuracy: when 5meC falls inside a gene pro-
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moter or a gene body, it is often annotated to that gene, without considera-
tion for the underlying chromatin state. 5meC located in open sea is either 
annotated to the closest gene or left without annotation. We suggest that this 
annotation problem is actually quite important. We tried to annotate the 
~450,000 CpGs of the widely-used Illumina HumanMethylation 450k bead-
chip to specific genes in female skeletal muscle. The 450k beadchip mostly 
targets CpG islands and gene promoters, but also gene bodies and open seas. 
We downloaded the extended chromatin state annotation of female skeletal 
muscle built with 6 histone marks (H3K4me3, H3K4me1, H3K36me3, 
H3K27me3, H3K9me3 and H3K27ac) and released by the Roadmap Epige-
nomics Project [342]. Then, we calculated the proportion of these ~450,000 
CpGs that are located in genomic regions matching the underlying chromatin 
state in female skeletal muscle (e.g. if a CpG falls inside a gene body and 
corresponds to an "active transcription" state, the genomic location (gene 
body) matches the chromatin state (active transcription). However, if this 
CpG falls inside a gene body and corresponds to an "active enhancer" state, 
the genomic location does not match the chromatin state). Only 44% of the 
CpGs from the chip were located in a genomic region matching the underly-
ing chromatin state in female skeletal muscle. This problem is not limited to 
the HumanMethylation 450k beadchip, but can also arise with any other 
methylation assessment technique (e.g. MeDIP-seq, RRBS, WGBS). 

2.1.3. Are natural circadian (and circannual) variations in the 
epigenome confounding studies? 
Circadian variations of the epigenome were discovered in the human brain 
[343–346] and mouse liver [347–349] (Figure 34), meaning that some of 
our epigenome is highly flexible and can change within just a few hours 
as part of our natural daily cycle. However, no study has established the 
exhaustive natural circadian variations of the epigenome in tissues important 
for metabolism, or in tissues often used in human studies (e.g. blood). One 
study claimed to have detected sine-like oscillations in DNA methylation 
over a whole day in blood of healthy subjects, but they did not adjust their 
analysis for possible changes in blood cell-type composition during this 24h 
period [350]. However, changes in blood cell-type composition was recently 
found to occur after a the ingestion of a single meal, and explained >99% of 
all the methylation differences detected 160 min after the meal [351] (Figure 
35). Besides, individuals do not necessarily have circadian rhythms that have 
similar phases or periods, which is reflected by their chronotype, also called 
morningness–eveningness (i.e., the tendency to be an early “lark” or a late 
“owl”) [352]. Chronotype can change with age: older people tend to be more 
skewed towards morningness than younger individuals, and it is still debated 
whether chronotypes differ between sexes and ethnicities [352,353]. This 
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issue is particularly relevant when considering metabolic disorders, since the 
evening chronotype is associated with metabolic traits such as obesity, dia-
betes and sarcopenia [354–356]. Finally, it was recently discovered that 
4,000 protein-coding mRNAs in white blood cells and subcutaneous adipose 
tissue have seasonal expression profiles in humans, with inverted patterns 
observed between Europe and Oceania [357] (Figure 36). Importantly, in 
adipose tissue, as in blood, metabolic pathways were among the most associ-
ated seasonal pathways [357]. The authors observed seasonal variations in 
blood cell-type composition that probably explain part of the seasonal varia-
tions in mRNA, but it is also possible that the epigenome shows seasonal 
variations and contributes to this seasonality. Therefore, studies comparing 
individuals at a single time point, or comparing the same individuals over 
time need to ensure that the epigenetic differences they observe are not due 
to natural daily or yearly oscillations. Nevertheless, even if epigenetic differ-
ences are observed at CpG sites known to follow circadian or circannual 
oscillations, these oscillations would not confound the results as long as the 
magnitude of the epigenetic differences exceeds by far the effect sizes of the 
oscillations. 

 
 
 

 
Figure 32. Transcriptional architecture and chromatin landscape of the core circa-
dian clock in mammals. 
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Circadian landscape of the cistrome and epigenome of the murine liver. Taken from 
[349] 

 
Figure 33. Changes in fractions of WBC after food intake. 

WBC fractions were inferred from methylation data. Paired t-tests were used to test 
for differences in WBC fractions in participants (n = 25) between the fasted and 
postprandial states. *P , 0.001. Gran, granulocyte; Mono, monocyte; NK, natural 
killer; WBC, white blood cell. Taken from [351]. 
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Figure 34. Seasonal gene expression in geographically distinct cohorts. 

(a) Seasonality was also observed in PBMCs collected from T1D patients in the 
United Kingdom (n=236 individuals). A total of 1,697 genes were seasonal in this 
data set. (b) The previously defined summer and winter genes from the BABYDIET 
data set maintained their seasonal expression patterns in the T1D samples. (c) 
PBMCs from asthmatic patients collected from different countries also showed sea-
sonal gene expression. In the United Kingdom/Ireland (n=26 asthmatic individuals; 
85 PBMC samples), 791 genes were seasonal, while 1,257 and 409 genes were sea-
sonal in Australia (n=26 individuals; 85 samples) and United States (n=37 individu-
als; 123 samples), respectively. (d) Summer and winter BABYDIET genes main-
tained their seasonal expression patterns in the asthmatic PBMC samples, with their 
patterns inverted in Australia. Taken from [357]. 
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2.2. Tissue-specificity of DNA methylation 
2.2.1. Choosing the right tissue to study 
The methylome is notoriously tissue-specific, and this tissue specificity is 
believed to be responsible for establishing and maintaining cell-type identity 
[358,359]. Even different blood cell types (T-cells, B-cells, NK-cells, granu-
locytes and monocytes) show marked methylation differences [360,361]. 
Therefore, it seems only natural to investigate DNA methylation in tissues 
implicated in metabolism, but these tissues are unfortunately difficult to 
collect in humans. The hardest to access is the brain since it can only be 
sampled post-mortem. The digestive tract, liver, visceral fat and pancreas 
may be sampled during surgery, but diseased individuals are typically 
overrepresented and participants remain scarce. Subcutaneous adipose tissue 
and skeletal muscle biopsies are feasible without resorting to surgery, but 
they can only be performed a limited number of times per day because of the 
discomfort they cause. Saliva and blood are undeniably the easiest tissues to 
sample in a non-invasive manner and that is the reason why most methyla-
tion studies to date were performed in blood. But what is the point of study-
ing a tissue that is not directly related to metabolism? It all depends on the 
aim of the study. First of all, obesity is characterized by low-grade, chron-
ic inflammation [314,362] whereby white blood cells are more abundant in 
the circulation [363–365] and they infiltrate the adipose tissue [366] (Figure 
28). As such, studying epigenetic changes with obesity in blood cells can 
yield interesting insights into this inflammatory process. Second, studies 
whose aim is to identify biomarkers that can be useful in a clinical setting 
do not need to worry about the possible function of their biomarker at the 
molecular level: as long as the biomarker shows good sensitivity and speci-
ficity for patients at risk, it has fulfilled its purpose. However, when the fo-
cus of a study is the brain, does it make any sense to investigate blood? 
When methylation changes associated with obesity are observed in blood, 
how should we interpret them and what information on other organs do they 
truly give? 

M. Szyf proposed three hypotheses that could explain the association be-
tween DNA methylation in blood and behaviour or brain-related phenotypes 
[367], and these hypotheses can also apply to the case when DNA methyla-
tion changes in blood associate with metabolic disorders. First of all, it is 
possible that the DNA methylation changes observed in blood do not reflect 
what is happening in other tissues because these changes are the conse-
quence of the blood-specific response to the environmental insult, and 
other tissues would show DNA methylation changes of their own. Second, if 
DNA methylation changes are studied in the DOHaD context, we can very 
well imagine that an environmental insult that took place early in life 
impacted common precursor cells to blood and other tissues, and has there-
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fore caused the same methylation changes in blood and other tissues. Third, 
circulating molecules such as hormones, leptin, adipokines, insulin, and 
perhaps even miRNAs that are released in response to an experience or an 
exposure will cause similar methylation changes in blood and other tis-
sues. For instance, the leptin receptor is abundant on the membrane of hypo-
thalamus cells, but it is also present on the membrane of blood cells [368], so 
circulating leptin might cause similar methylation changes in both the hypo-
thalamus and the blood. Interestingly, in abdominal skeletal muscle of wom-
en with T2D (manuscript under preparation), we have detected DNA meth-
ylation changes at one CpG in thioredoxin interacting protein (TXNIP) and at 
one CpG in Suppressor of cytokine signaling 3 (SOCS3) that are similar in 
direction and magnitude to DNA methylation changes observed in blood in 
other independent T2D cohorts [253,256,257,369,370]. To summarise, it is 
likely that the DNA methylation changes observed in blood are a combina-
tion of at least the three aforementioned hypotheses to varying degrees, but 
these changes cannot be extrapolated to other tissues without investigating 
them directly. 

2.2.2. Adjusting for cell-type composition: a major issue 
The human body is made of highly specialized tissues, and these tissues are 
themselves made of a variety of highly specialized cells. Importantly, envi-
ronmental stimuli can change the relative proportion of these different 
cell types at various rates depending on the tissue. For instance, skeletal 
muscle is made of ~90-100% muscle cells and ~1-10% satellite cells that 
have a role in muscle repair [371] (Figure 37). Satellite cell content increases 
with long-term endurance and strength training [371,372] and declines after 
two weeks of bed rest [373]. Another tissue that undergoes drastic changes 
in cell type proportions is blood. It was recently shown that the estimated 
leukocyte population in whole blood changes just 160 min after a meal (Fig-
ure 35), and these changes in blood cell type proportion explained >99% of 
the detected methylation changes [351]. Moreover, as we mentioned earlier, 
obesity is characterized by low-grade, chronic inflammation [314,362] 
whereby white blood cells are more abundant in the circulation [363–365] 
and they infiltrate the adipose tissue [366] (Figure 28). The issue of cell-type 
composition of tissues is particularly worrying given the fact that reported 
DNA methylation changes with obesity are often <10% methylation 
difference, in blood [244–261], liver [262,263], adipose tissue 
[230,258,261,264–266], and sperm [267]. How can we unsure that these 
methylation changes are not an artefact and do not reflect a simple change in 
cell type composition? 
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Figure 35. Muscle structure and the satellite cell niche. 

(A) The structure and ultra-structure of skeletal muscle. The satellite cell niche is on 
the surface of the myofibre, beneath the surrounding basal lamina, as indicated. 
Taken from [374] 

Depending on the tissue under study, it may be directly possible to esti-
mate the relative cell-type proportions with histological techniques or flow 
cytometry. For instance, the relative proportions of pancreatic α and β cells 
can be estimated with histologic analysis [375] and the relative proportions 
of blood cell types with flow cytometry [376]. However, flow cytometry 
requires a large amount of fresh blood and laborious antibody tagging [313]. 
Several bioinformatical techniques have been developed to capture and 
account for differences in cell type composition without having to resort to 
these laborious techniques: a method implemented in the minfi R package 
[377], a method similar to regression calibration developed by Houseman et 
al. [313], FaST-LMM-EWASher [378], RefFreeEWAS [316] and one meth-
od called surrogate variable analysis (SVA) [379]. Some of these techniques 
rely on reference methylomes of purified cells while others are reference-
free, and they offer the scientific community a fast and easy way to detect 
true methylation differences with high sensitivity and specificity [380]. In 
particular, SVA outperforms all other reference-free techniques [380] (Table 
6) and can account for other sources of heterogeneity between groups, such 
as genetic, environmental, demographic, and technical factors [379]. A last 
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method consists in using a set of CpGs that are known to vary considerably 
between cell types and to perform a principal component analysis (PCA) on 
them; the top principal components (PCs) can then be included as covariates 
in the analysis to account for the cell type profile of individual samples 
[188,381]. Therefore, we believe that given the immense amount of possible 
confounders in human EWAS, one of the aforementioned techniques should 
be routinely used regardless of the study design and investigated tissue, in 
order to increase the biological accuracy and reproducibility of analyses. 

 

Table 4. Sensitivity and specificity with respect to truly identified variables using 
100 simulated data 

CI: confidence interval. Taken from [380] 

2.3. Genetic influences on the methylome 
2.3.1. Heritability of the methylome 
The strong associations between obesity-associated SNPs and proximal 
DNA methylation we detected in paper I are not restricted to disease variants 
(Figure 38). Twin studies have found a relatively low mean heritability 
across tissues (12-19%), but heritability was extremely variable at different 
sites (ranging 0-100%) [178,180,382]. In what is probably the largest and 
least biased human meQTL study to date, McClay et al. used methyl-CpG-
binding domain protein-enriched genome sequencing (MBD-seq) to uncover 
meQTLs genome-wide [189]. They found that 15% of all the ~3.2 million 
CpGs they assessed were associated with meQTLs in cis. Array-based 
meQTL studies typically reported a smaller fraction of the surveyed CpG to 
be associated with meQTLs in cis (0.12-15%) 
[172,177,178,181,184,187,383–388]. MeQTLs are enriched in heterochro-
matin and quiescent regions of the genome, and 75% of them are caused by 
the presence of SNPs inside CpGs that impair their methylation potential 
[189]. Thus, although the majority of the meQTLs may not be functional, a 
substantial proportion of them are present in active chromatin states such as 
active/weak enhancers and active TSSs [189]. Interestingly, disease variants 
detected in GWASs are enriched within 200 bp of these meQTLs [189], and 
it is likely that they are also associated with other epigenetic marks such as 
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histone modifications [383] (Figure 39). Only two studies have had the sta-
tistical power to test the presence of meQTLs in trans using two different 
techniques (one next-generation sequencing method and one array-based 
method), and they both found the same proportion of the tested CpGs to be 
associated with trans-meQTLs (0.5% and 0.6%) [188,189]. In summary, the 
overall proportion of CpGs that are under genetic control may seem 
low, but there is a high heterogeneity in heritability at different CpGs. 
For further reading, we recommend an excellent review on the topic that was 
published in May 2016 [173]. 

 
Figure 36. Sources of population epigenomic variation. 

Epigenomic variation at a locus can be treated as a quantitative trait. Heritability 
estimates can be obtained using classical variance components analysis using pedi-
gree data (for example, parent–offspring, twins, and so on). In the absence of epige-
netic inheritance, a non-zero heritability estimate (h2 > 0) implies that epigenomic 
variation at the locus is under genetic control by cis- or trans-acting sequence vari-
ants. When epigenomic variation is not heritable (h2 = 0), variation could be the 
result of differential exposures to past or current environmental factors. Systematic 
identification of such environmental factors should be possible and is one goal of 
epigenome-wide association studies. In the absence of causative environmental 
factors, epigenomic variation may be the outcome of stochastic somatic epimuta-
tions that lead to intra-individual tissue heterogeneity and inter-individual ‘epigenet-
ic drift’. Detection of such somatic epimutations will require advances in single-cell 
epigenomic sequencing technologies. The often stated conclusion that epigenomic 
variation is under genetic control whenever cis-SNP associations are detected, or 
non-zero heritability estimates are found, is strictly only valid if epigenetic inher-
itance can be assumed absent. This assumption should always be checked against 
emerging experimental data. Adapted from [173] 
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Figure 37. Main steps in population epigenomic analysis. 

a | DNA is tightly packaged in cells and is functionally modified by a variety of 
epigenetic marks, such as cytosine methylation (5mC) or post-translational changes 
in histone proteins. The co-occurrence of specific epigenetic marks in a genomic 
region defines its functional state. Of note, histones in closed chromatin also contain 
repressive marks (not shown). b | The genome-wide distribution of different epige-
netic marks can be measured using next-generation sequencing (NGS) technologies. 
Shown are the read-tracks from NGS measurements of N different epigenetic marks 
along the genome. c | The computational challenge is to infer distinct chromatin 
states for each genomic position. These chromatin states are defined by the joint 
presence and absence patterns of the different epigenetic marks. With N marks there 
can be 2N possible combinatorial states. The colour code on the bottom denotes 
each unique state. This analysis leads to the construction of chromatin state maps. d | 
Shown are the chromatin state maps of M diploid individuals. Individuals differ in 
their chromatin states in three genomic regions. These differential chromatin states 
(DCSs) can originate from DNA sequence polymorphisms, environmental factors or 
from stochastic changes. DCS2 is caused by a single-nucleotide polymorphism 
(SNP2), DCS3 is caused by exposure to environmental factor E4 and DCS1 is the 
result of stochastic processes in the mitotic maintenance of the chromatin state at 
that locus. The statistical challenge is to try to identify these causal factors from 
millions of measured SNPs and a large number of environmental factors. Taken 
from [173] 
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2.3.2. Accounting for population stratification in epigenetic studies 
Why does this all matter when studying epigenetics in the context of obesity 
and its complications? If not properly accounted for, genetic differences can 
be a major confounder in epigenetic studies, especially when sample 
sizes are low. If the allele frequency at a meQTL is unbalanced between the 
groups being compared, a DMR will be detected between the groups, despite 
the fact that it is only due to the presence of the SNP and not the condition of 
interest. There are several ways to unsure that SNPs are not confounding the 
DNA methylation analysis: the first method consists in sequencing the re-
gion surrounding the DMR and see if any SNP in the sequence correlates 
with the DMR. However, depending on the population under study, the ef-
fects of SNPs can span several thousand bp [389,390] and it is often not 
possible to sequence such a large region for all detected DMRs. Another 
method has been used in GWAS and consists in performing a PCA on ge-
nome-wide genetic data for all individuals. The top PCs of the PCA can then 
be used in the association tests as a proxy for ancestry [391]. However, ge-
nome-wide genetic data is often not available in EWAS, so it has been pro-
posed to use genome-wide DNA methylation data as a proxy for ancestry, 
given that some 5meC are under strong genetic control [173]. Unfortunately, 
this technique poses problem, as DNA methylation levels are associated with 
many more factors than genetic variants: age, sex, and plethora of environ-
mental factors. Therefore, the use of PCs based on genome-wide methylation 
data may remove important sources of variability, a problem that Barfield et 
al. addressed by computing the PCs of sets of CpG sites near SNPs to com-
pute PCs that are better proxies for ancestry [392]. They have made available 
their lists of CpG sites from the Illumina 450K that are located within 0-
100bp of 1000 Genomes Project variants with minor allele frequency >.01, 
along with R code to compute the PCs 
(http://genetics.emory.edu/research/conneely/) [392]. 

3. Unanswered questions and future research directions 
3.1. The biological meaning of DNA methylation changes: 
(effect) size matters 
The direction of an effect is just as important as the magnitude of this ef-
fect, but this magnitude cannot be inferred simply by looking at the most 
common statistic reported in papers: the p-value. Typical DNA methylation 
changes detected in cross-sectional or prospective studies of obesity and 
related comorbidities have consistently found widespread but small DNA 
methylation changes (< 10% methylation change) between groups. This 
means that only a tiny proportion of cells have a methylation status that dif-
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fers between groups at a given location (Figure 40). What does this biologi-
cally mean? It may mean that obesity and related comorbidities impact 
plethora of genes at a low level, which results in large disturbances of 
pathways important for metabolism. But can a difference of methylation in 
only a few cells cause a significant change in transcription and eventually, in 
phenotype? Surprisingly few papers have addressed that question, but it is an 
important one [393]. Murphy et al. examined the correlation between IGF2 
transcription and the methylation level of the IGF2 DMR, and they suggest-
ed that a change in methylation as little as 1% at this DMR can lead to either 
a doubling or halving of transcription, depending on the direction of methyl-
ation [394]. However, these estimations were based on pyrosequencing 
whose technical variability can go up to 5% methylation difference between 
technical replicates [395], and using a very small sample size (n=41) [394]. 
Not only do small effect sizes pose biological questions, but they also raise 
an important statistical problem. If effect sizes are that small, wouldn’t we 
need very large sample sizes to detect methylation differences that are signif-
icant at the genome-wide level? Tsai & Bell performed simulations to esti-
mate power under the case-control and discordant MZ twin EWAS study 
designs, under a range of epigenetic risk effect sizes and conditions [396]. 
They found that to detect a mean methylation difference of 7% at genome-
wide significance with 80% power, 178 pairs of twins or 211 cases and 211 
controls would be needed [396] (Figure 41). In addition, a high variance in 
methylation in cases or controls, as well as genetic and environmental varia-
bles influencing DNA methylation levels are likely to inflate these numbers 
[396]. The rapid development of targeted epigenome editing, via an adapta-
tion of the clustered regulatory interspaced short palindromic repeat 
(CRISPR)-Cas system [397–399] (Figure 42) or the transcription activator-
like effector (TALE) protein [400] will allow researchers to cause site-
specific DNA methylation and answer both questions of causality and effect 
sizes. Effect size may also be important on the clinical side, since we need 
biomarkers that can identify individuals at risk with high sensitivity and 
specificity. If DNA methylation differences between diseased individuals 
and controls are extremely small, it will be difficult to find a reliable bi-
omarker, and we may need to use a combination of several biomarkers to 
increase sensitivity and specificity. Zeevi et al. took a brilliant machine-
learning approach to identify individuals at high risk of showing high glu-
cose peaks after certain foods and paved the way to personalized nutrition 
[401]. It would be extremely interesting to see research teams take a similar 
approach to test the reliability of the few epigenetic biomarkers identified to 
date (e.g. CpGs in PHOSPHO1 and ABCG1 as predictors of T2D). 
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Figure 38. DNA methylation patterns at the cellular and individual levels. 

We assume that a cell can have two methylated alleles (ei = 1), one methylated allele 
(ei = 0.5) or two unmethylated alleles (ei = 0), and one sample from an individual 
contains different frequencies of these cells (upper panel). The methylated allele is 
shown as a dagger symbol, and the colour of each cell represents its methylation 
status: un-methylated (white), hemi-methylated (grey) and methylated (black) (upper 
panel). The methylation in each sample is represented as the summary of the meth-
ylated epi-allele, denoted here as beta (middle panel) which can range from 0 to 1 
(lower panel). We assume that cases have greater mean methylation levels compared 
with controls, and we propose one control and eight case distributions. Taken from 
[396] 
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Figure 39. Power of case-control EWAS. 

Estimates are obtained for a range of sample sizes, using (A) mean difference and 
(B) methOR effects, at nominal (upper panel) and genome-wide (lower panel) sig-
nificance thresholds. Each line represents the power curve under different case-
control sample sizes from 10 to 500 pairs of cases and controls. Taken from [402] 
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Figure 40. Schematic representation of a dCas9-DNMT3A fusion protein in complex 
with sgRNA and its target DNA sequence. 

The sgRNA is bound in a cleft between the recognition lobe (RecI, II and III do-
mains) and the nuclease lobe (HNH, RuvC and PI domains) of Cas9 protein. The C–
terminus of Cas9 is located on the PAM–interacting (PI) domain and faces the side 
where the bound genomic DNA protrudes with its 3′ end relative to the sgRNA 
sequence. The sgRNA is a synthetic fusion between bacterial crRNA and tracrRNA, 
with guide sequence and tracrRNA part shown in different colours. The catalytic 
domain of DNMT3A recruits its partner for dimerization and DNMT3L proteins in 
vivo (dashed lightened symbols). NLS, nuclear localization signal; GS, Gly4Ser 
peptide linker. (B) Domain structure of the dCas9–DNMT3A fusion protein. The 
nuclease-inactivating mutations D10A and H840A of Streptococcus pyogenes Cas9 
are indicated. Deactivated Cas9 was fused to the catalytic domain of the human de 
novo DNA methyltransferase 3A (DNMT3A CD) using a short Gly4Ser peptide 
(GS). The dCas9–DNMT3A is expressed as a bicistronic mRNA, along with puro-
mycin resistance gene (PuroR, shown) or EGFP gene, thus enabling selection of 
transfected cells. The PuroR (or EGFP) moiety is separated during translation by 
action of the T2A self-cleaving peptide. The inactive fusion methyltransferase 
(dCas9-DNMT3A-ANV) for use as a negative control contains an additional substi-
tution (E155A*) in the active site of DNMT3A. 3x FLAG, epitope tag; NLS, nuclear 
localization signal. Adapted from [397] 
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3.2. The developmental origins of leanness and obesity 
As we highlighted in the introduction, the obesity epidemic has happened 
over just a few decades, which means that it is mainly driven by environ-
mental factors such as excess caloric intake, reduced physical activity, poor 
sleep and endocrine disruptors. Interestingly, Daalgard et al. observed that in 
contrast to the popularized notion that the population as a whole is signifi-
cantly gaining weight, the calculated mean BMI of the major (lean) popula-
tion increased by only +0.4% from 1963–1994 to 1999–2012, while the 
heavy sub-population, with a mean BMI 4–5 points above ‘‘normal,’’ more 
than tripled, from 12% to 38% of all individuals [403] (Figure 43). Does that 
mean that obesity is fuelling itself in a vicious cycle, whereby obese parents 
can transmit to their offspring a susceptibility to metabolic disorders (Figure 
44)? And if so, does this transmission occur via a biological programming 
of organs, or through cultural and behavioural transmission? Do moms 
and dads play an equally large role in this transmission? How many genera-
tions does it last, and can it be reversed? These questions are among the 
most heavily debated at the moment, since we have little data in humans so 
far [404,405]. Indeed, the obesity epidemic is relatively recent, we need ex-
tensive epidemiological and longitudinal data to appreciate this phenome-
non, and human studies are limited by ethical issues and many confounders. 
However, a starting point is the observation that overnutrition in utero gives 
the offspring a higher risk of being born large for gestational age (LGA) 
[406,407]. Or, being born LGA is associated with an increased risk of obesi-
ty and diabetes in later life [408]. During the developmental period, rapidly 
growing foetuses and neonates are vulnerable to perturbations of the mater-
nal nutritional and non-nutritional milieu, resulting in programmed changes 
in organ structure, cellular responses and gene expression that impact me-
tabolism and physiology of the offspring [290]. Does this programming in-
volve the epigenome? While this hasn’t directly been tested in humans, work 
in primates suggest that this is likely the case: maternal high-fat feeding 
causes site-specific alterations in foetal hepatic H3 acetylation [409], and 
this is likely due to a downregulation of lysine deacetylase SIRT1 [410]. 
Although there were some indications of DNA methylation changes associ-
ated with maternal obesity in humans, investigated tissues were limited to 
cord blood [411–413] and placenta [412], which does not necessarily reflect 
the soma. However, a longitudinal study has found that methylation at a 
specific site in the retinoid X receptor alpha gene was both inversely corre-
lated with maternal carbohydrate intake in early pregnancy and positively 
correlated with the children's adiposity at age 9, and results were replicated 
in an independent cohort [414]. The emphasis has undeniably and under-
standably been put on the mother as she carries the baby during its most 
vulnerable developmental windows, but what about the father? Recent 
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epigenetic analyses of human sperm have shown that obese men carry a dis-
tinct epigenetic signature compared to lean men, in particular at genes con-
trolling brain development and function, concomitant with an altered expres-
sion of small ncRNAs [267]. Whether these alterations are effectively trans-
mitted to the offspring, whether they are persistent and whether they pose a 
risk for the offspring remain unknown. 

 
Figure 41. Comparison of similar fitting of childhood data from continuous 
NHANES 1999–2012 (CDC, 2012) and prior NHANES/NHES surveys (1963–1994) 
(CDC, 1994). 

This shows a marked shift in recent decades where the heavy sub-population triples 
in size (pie charts). Adapted from [403] 
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Figure 42. Transgenerational and intergenerational epigenetic effects. 

Epigenetic changes in mammals can arise sporadically or can be induced by the 
environment (toxins, nutrition, and stress). In the case of an exposed female mouse, 
if she is pregnant, the foetus can be affected in utero (F1), as can the germline of the 
fetus (the future F2). These are considered to be parental effects, leading to intergen-
erational epigenetic inheritance. Only F3 individuals can be considered as true 
transgenerational inheritance in the absence of exposure. In the case of males in 
which an epigenetic change is induced, the individual (F0) and his germline (future 
F1) are exposed; the F1 is thus considered as intergenerational. Only F2 and subse-
quent generations can be considered for evidence of transgenerational inheritance. 
Taken from [405] 
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Until we have more data in humans, hypotheses on the mechanisms me-
diating a possible transmission of metabolic risk from parents to offspring 
via the epigenome have to face a thorny problem: the efficient epigenetic 
reprogramming that takes place both in the germline and in the early em-
bryo and that erases nearly all epigenetic marks acquired during develop-
ment or imposed by the environment [405] (Figure 45). Could there be re-
gions important for metabolism that escape this reprogramming in humans, 
as was discovered in mice [415]? 

 
Figure 43. Germline Reprogramming of DNA methylation in mice. 

In mice, there are at least two rounds of genome-wide DNA methylation repro-
gramming. The first occurs just after fertilization, in the zygote and early cleavage 
stages, to erase gametic (sperm and oocyte) epigenomic marks. During this phase of 
reprogramming, genomic imprints are maintained. The other major reprogramming 
process occurs in the germline, where the paternal and maternal somatic programs 
are erased, together with imprints, and the inactive X is reactivated. Subsequent to 
this, parent-specific imprints are laid down in the germline. In each reprogramming 
window, a specific set of mechanisms regulates erasure and re-establishment of 
DNA methylation. Recent studies have uncovered roles for the TET3 hydroxylase 
and passive demethylation, together with base excision repair (BER) and the elonga-
tor complex, in methylation erasure from the zygote. In the germline, deamination 
by AID, BER, and passive demethylation has been implicated in reprogramming, 
but the processes are still poorly understood. Taken from [405] 
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4. Conclusion and future perspectives 
Through the use of large datasets and complex bioinformatical analyses, this 
thesis has contributed to extend our knowledge on epigenetics in the context 
of obesity and its complications. Genetic variants associated with metabolic 
risk are likely causing a local deregulation of chromatin states that could 
translate into large and complex modulation of gene transcription. Dietary 
fat quality was associated with blood DNA methylation changes at genes 
involved in metabolic pathways, and sleep restriction caused tissue-specific 
methylation and transcriptional changes at core circadian genes. In mice, 
maternal obesity was associated with an alteration of histone deacetylases in 
foetal liver and placenta, thus reinforcing the potential involvement of the 
epigenome in the DOHaD paradigm. 

As I went through this thesis, I got increasingly convinced that the bioin-
formatical and biostatistical tools to analyse the gargantuan amount of data 
being generated in the field of epigenomics are painfully lagging behind. 
"Acquiring data is the easy part. What is direly needed are innovative ap-
proaches for mining multiple levels of "omics" and other data to discern 
patterns of data-disease relationships that may be used for decision-making 
in clinical treatment. Although the statistical approaches lag behind the tech-
nology and our ability to gather data, the potential is great to make substan-
tial progress in this area." [49]  

I would like to end by saying that as I was writing this thesis, I stumbled 
upon a Nature news article entitled “What’s the point of the PhD thesis?” 
[416]. I read the article apprehensively, although I do not really know why 
(maybe I was afraid to read something like “There is no point. You wrote 
your thesis for nothing.”). But before I finished reading the article, I realized 
that this thesis had taught me numerous things that are both science- and 
human-related. I realized that like John Snow, I know nothing (or very lit-
tle); I am definitely no longer impressed when I get p-value<0.05; finally, 
imagination and ability to teach are on my top 10 skills that make a good 
scientist. The Nature news article ended with the following: “In the end, the 
only way you can assess [the PhD thesis] is whether the graduates of the 
programme become successful scientists. If they do, you've done a good job. 
If they haven't, you haven't.” [416]. Only the future will tell if that is true for 
me. 
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Abstract en français 

Analyse biostatistique et bioinformatique de données 
épigénétiques chez l'homme et la souris en lien avec 
l'obésité et ses complications  
 
 L'obésité dans le monde a plus que doublé depuis 1980 et au 
moins 2,8 millions de personnes meurent chaque année des conséquences 
directes du surpoids ou de l'obésité. Un poids corporel élevé est la résultante 
de l'interaction entre des variants génétiques à risque et un environnement 
obésogène, et des données récentes montrent que des processus épigéné-
tiques sont probablement impliqués. La disponibilité croissante des techno-
logies à haut débit a permis d'évaluer rapidement l'épigénome de nombreux 
échantillons à un coût relativement faible. En conséquence, de vastes quanti-
tés de données ont été générées et les chercheurs sont maintenant confrontés 
à des défis bioinformatiques et biostatistiques pour extraire de ces données 
de l'information en lien avec l'obésité et ses complications. 

Dans cette thèse de doctorat, nous avons exploré des associations entre le 
méthylome sanguin humain et des polymorphismes nucléotidiques (SNPs) 
liés à l'obésité, ainsi que des mesures qualitatives et quantitatives de l'apport 
journalier en acides gras. Nous avons utilisé des techniques de prétraitement 
des données et des méthodes statistiques bien décrites, une large batterie de 
données en libre accès générées par des consortia et d'autres groupes de re-
cherche, ainsi que des outils pour l'enrichissement de pathways et l'inférence 
d'états de la chromatine. Nous avons trouvé des associations entre des SNPs 
liés à l'obésité et la méthylation de promoteurs et enhancers proximaux, et 
certaines de ces associations ont été répliquées dans plusieurs autres tissus. 
Nous avons également constaté que, contrairement à la quantité d'apport 
journalier en acides gras, la qualité de l'apport journalier en acides gras est 
associée à une méthylation différentielle de promoteurs de gènes impliqués 
dans des voies métaboliques. Puis, en utilisant une approche ciblée, nous 
avons examiné l'impact d'un stress environnemental aigu (une nuit blanche) 
sur la méthylation et la transcription de gènes du rythme circadien dans le 
muscle squelettique et le tissu adipeux d'hommes sains. Nous avons constaté 
qu'une seule nuit blanche peut modifier le profil épigénétique et transcrip-
tionnel de gènes clés du rythme circadien, et ce de manière tissu-spécifique. 
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Enfin, nous avons examiné les effets de l'obésité maternelle chronique et de 
la perte de poids ultérieure sur la transcription de gènes de la machinerie 
épigénétique dans le fœtus et le placenta de souris. Nous avons constaté que 
la transcription de ces gènes est très sensible aux trajectoires pondérales 
maternelles, et en particulier ceux de la voie d'acétylation des histones. Dans 
l'ensemble, cette thèse a démontré que la génétique, des stimuli environne-
mentaux obésogènes et l'environnement maternel agissent sur les marques 
épigénétiques à des endroits génomiques pertinents dans la pathogenèse de 
l'obésité. 

Mots clés : obésité, génétique, épigénétique, méthylation de l'ADN, som-
meil, origines développementales de la santé et des maladies, polymor-
phisme nucléotidique, étude d'association pangénomique 
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