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Overview of my research activities 
 

A) PhD (2007-2010): “Consequences of a maternal perinatal 
undernutrition on the development of Brain-Adipose Axis in male rat: 
focus on leptin” 

1-Background and hypothesis 

A large number of epidemiological and experimental studies indicates that perinatal 
malnutrition sensitizes to the development of chronic adult diseases such as the 
metabolic syndrome (Type 2 diabetes, obesity, hypertension), also referred to as the 
developmental origins of health and diseases (DOHAD) hypothesis. The late 1980 
marked a fundamental period in epidemiology with the observation by Barker and 
colleagues of a positive correlation between infant mortality rates and mortality from 
ischemic heart disease, bronchitis and stomach cancer in adulthood1. This landmark 
finding led to many cohort studies where poor nutrition conditions existed and later adult 
outcomes could be tracked and quantified, such as the Dutch Hunger Winter and 
Helsinki cohorts2-4. With the studies following Barker’s 1986 publication, low birth weight 
became a symbol of poor fetal growth due to inadequate intrauterine conditions 
associated with increased risk for metabolic and age-related diseases. 
Metabolic diseases have the characteristics of being common, significantly costly in 
health care systems, multifactorial in cause and difficult targets for pre-emptive 
intervention. The incidence of the metabolic syndrome often parallels the incidence of 
obesity and type 2 diabetes. Worldwide, the number of person with diagnosed obesity 
has almost tripled since 1975, with about 2 billion cases within the adult population in 
2016, 41 million within children aged of 5 or less and 340 million in children from 5 to 19 
years old. Similarly, the number of people with diabetes has quadrupled since 1980 
reaching 422 million in 2014 (World Health Organization). This distressing rise in 
obesity and diabetes calls for a better understanding of mechanisms involved in the 
phenomenon of developmental origins of adult disease. 
In this context, the unit EA4489 (Unité Environnement Périnatal et Croissance) led by 
Pr. Didier Vieau decided to exploit the known relationship between exposure to stress in 
utero and increased sensitivity to age-related and metabolic diseases later in life. Thus, 
they developed rodent models that will support the characterization of the actors 
involved in food intake and energy expenditure during early development. Metabolic 
syndrome often results from an imbalance between these 2 components suggesting 
that the development of the regulatory systems involved in this equilibrium may be 
disturbed in offspring from malnourished mothers explaining the increased sensitivity to 
metabolic diseases. Concomitant to my arrival into the lab is the work from Dr. 
Sebastien Bouret5 demonstrating that leptin plays a crucial neurotrophic role in the 
development of hypothalamic circuits regulating food intake and adiposity in the 
genetically deficient ob/ob mouse that produces a truncated and inactive form of leptin. 
These highlighted leptin as a potential key player within the development of the brain-
adipose axis (BAA), constituted from central nervous system and adipose tissues. 
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Therefore, I decided for my PhD to explore the consequences of a 50% maternal food 
restriction (FR50 model established in the lab) on the development of BAA in male rat 
from birth to weaning. We concentrated our attention on leptin whose plasma 
concentration was never studied in newborn animals from undernourished mothers. We 
aimed, to demonstrate that leptin was indeed key in the development of the BAA and 
was influenced by stress in utero to provide with targets and mechanisms that can be 
further explored.   
Briefly, the FR50 rat model corresponds to a 50% reduction of the daily food intake of 
control mothers from embryonic day 14 until the end of lactation, which would 
correspond to the 3rd trimester in human pregnancy, as previously published6 (Figure 
1). This timeframe is key as it represents a critical period for the development of the 
central nervous system in rat. Previously, short and long-term alterations of the 
corticotropic axis have been revealed in this model6 but nothing was known about the 
brain-adipose axis.  

	
	

2- Early exposure and central nervous system development (Paper 1) 

During the first part of my thesis, we focused on characterizing the evolution of leptin 
levels during early development and how it’s affected by in utero stress (maternal food 
restriction). Then, we decided to link alteration of leptin levels with consequences on the 
establishment of the hypothalamic network involved in the control of food intake to 
illustrate the key developmental aspect of leptin during early life. 

a) Leptin levels in early development  

Using our well-establish model of perinatal food restriction (FR50), we measure leptin 
levels in plasma of control and FR50 pups during lactation period at postnatal day 

BirthPrenatal Period Postnatal Period

Human
Rat

6 to 9 months
E15-E22

Up to 24 months
Up to P21

Central Nervous System Development

Gestation Lactation
Week 1 Week 2 Week 3 Week 1 Week 2 Week 3

Control

FR50

ad libitum

50% maternal food intake

Figure 1: FR50 Model. The top part represents the timing for the development of the 
central nervous system in human and rat.  The bottom part recapitulates the 2 types of 
diet used in our rat model. FR50 corresponds to a 50% decrease of food intake compare 
to control food intake.  
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(PND) 4, 7, 10, 14, 17 and 21 as well as post-weaning period with PND 30. Plasma 
leptin was significantly modulated during the early developmental stages. In controls, 
plasma leptin increased between PND4 and PND14 reaching a peak at PND10. 
Although a plasma leptin peak was still present in FR50 neonates, its maximal value 
observed at PND7 was dramatically reduced when compared with controls. At each 
stage, up to PND21, maternal undernutrition drastically decreased leptin plasma levels. 
With these findings, we were the first to identify a plasma leptin surge during early 
development and it’s abolishment by early maternal food restriction. In light, to the 
recent finding on leptin deficiency and hypothalamic development, this was stronger 
evidence for the implication of leptin in sensitivity to metabolic syndrome as early as 
postnatal development. 

b) Impact of maternal food restriction on hypothalamic network 
establishment 

As discussed above, leptin who was mostly known for its correlation with obesity-related 
phenotype and its anorexigenic function was recently identified as a key player in the 
establishment of proper connections within the hypothalamus in the genetically deficient 
ob/ob mouse. Therefore, in regard to the decreased levels of leptin observed in our 
model, we decided to explore the influence of maternal food restriction on hypothalamic 
development. To do so, we used a targeted approach focusing on POMC and NPY, two 
mains factors controlling food intake by promoting or inhibiting it, respectively. We look 
at their profile of expression during the postnatal period in both control and FR50 
hypothalamus using RT-PCR, in situ hybridization and immunohistochemistry 
approaches. We demonstrated that both POMC and NPY expression was increased in 
response to increased leptin levels confirming here that leptin was able to impact central 
nervous system as early as during the postnatal period in rodent. However, it was 
interesting to note that only POMC expression and POMC expressing neurons fibers 
were altered in the hypothalamus of FR50 pups when compared to control suggesting a 
difference in leptin sensitivity between orexigenic (NPY) and anorexigenic (POMC) 
systems.  
With this work, we, for the first time in a rat model, have provided with evidence towards 
leptin surge being a maturation signal essential for pathways involved in the control of 
food intake and energy expenditure. We have then, provided with a plausible 
mechanism linking early exposure and onset of metabolic diseases, and contribute to a 
better characterization of the role of leptin in early development validating it as an 
interesting target for further exploration. 

3- Early exposure and adipose tissue plasticity (Paper 2) 

Considering the tight relationship between adipose tissue and metabolic diseases, and 
between adipose tissue and leptin, it was important for us, based on our previous 
observations, to not limited our exploration to the central nervous system but also 
consider the BAA as a whole. This is why we decided to examine the impact of early 
stress in adipose tissue development and its cross-talk with the central nervous system 
through leptin signaling. We believed that by adopting this inclusive approach, we would 
be able to better depict the mechanisms essential for the proper establishment of 
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control of food intake and energy expenditure, therefore, promoting the identification of 
new target for treatments.   
  a) Gene expression screening approach 
We performed a detailed characterization of the gonadal white adipose tissue (WAT) at 
PND10, 21 and 30 using early gene screening approach. Through this part of the 
project, I was for the first time introduced to the notion of discovery approach. Indeed, 
we realized that if a targeted approach was essential for validating a pre-identified 
candidate, the supervised aspect of this approach was a limiting factor when trying to 
apprehend complex mechanisms and identify new target essential to stimulate research 
hypothesis. Therefore in collaboration with SuperArray Biosciences, we defined a 
screening panel of genes (n=84) relevant to metabolic pathways using the Rat Obesity 
RT2 Profiler PCR Array. The resolution of our approach was obviously far beyond the 
resolution that can be achieved today, but at this time, it represents a unique 
opportunity to further characterize the development of the BAA and a significant 
innovation in regards to the technologies available in the laboratory. Using our array we 
were able to show 1) that in general, WAT response to maternal undernutrition was 
greater than the one observed in the hypothalamus (run in parallel) and 2) that WAT 
from undernourished pups presents a significant increase of UCP1 and NPY gene 
expression. These results were further confirmed using RT-qPCR on WAT individual 
samples. NPY overexpression confirms, as previously shown in human visceral adipose 
tissue7 that many mRNAs encoding peptide precursors, receptors, and proteins 
involved in the regulation of feeding behavior, obesity, and energy expenditure are 
present in the non-visceral gonadal fat pads. Previously, it has been shown that NPY 
can promote the proliferation of adipocyte precursor in vitro8 suggesting a role for these 
peptides in adipose tissue development. UCP1 is a brown adipose tissue (BAT) specific 
inner mitochondrial membrane protein9, often used as a marker for BAT and involved in 
energy expenditure mechanisms9 that have not been yet characterized in WAT. These 
data suggested that maternal food restriction modified the development of gonadal WAT 
and favored the acquisition of a brown-like phenotype in male rat at weaning.  
  b) Phenotypic characterization of the WAT after maternal food restriction 

To further investigate the change of phenotype in the WAT of undernourished pups, we 
decided to use more standard approaches based on histology and immunochemistry 
technics. Histological analysis reveals that FR50 PND21 gonadal WAT contained 
almost exclusively multilocular adipocytes, similar to the phenotype of brown adipocytes 
present in BAT of PND21 control pups. Interestingly, this phenotype seemed transient, 
as at PND30, the WAT from undernourished pups was comparable to the one observed 
in control pups. The immunochemistry approach confirmed the gene expression data 
showing that, at PND21, both UPC1 and NPY were not constitutively express in control 
WAT and that their expression within the FR50 samples was associated to the brown-
like adipocytes. We, here, for the first time documented adipocyte plasticity in a model 
of perinatal maternal food restriction with the acquisition of a brown-like phenotype. The 
existence of brown adipocyte-like in WAT depot was reported before10 and the 
emergence of these ectopic brown adipocytes was associated with either cold exposure 
our ß3-adrenergic stimulation. Such a phenomenon has been observed in both adult 
mice11 and rats12 and was referred to as recruitment. However, the factors allowing such 
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plasticity and/or transdifferentiation remain unclear but hold tremendous potential to 
drive discoveries of an alternative approach to fight metabolic syndrome. Indeed, our 
ability to initiate adipocyte plasticity, switching from energy intake to energy expenditure, 
appears as a promising venue to restore the metabolic equilibrium. It is also interesting 
to note, that in the context of the FR50 model, we are not only facing a switch from 
white adipocyte to brown-like adipocyte but rather a switch from brown-like adipocyte to 
white adipocyte, illustrated by the difference in phenotype in FR50 pups between 
PND21 and PND30. Because, investigation of the adipocyte plasticity can be 
challenging in very early development due to the limited amount of material, this post-
weaning change represents an alternative to better understand the underlying 
mechanisms. 
My PhD work has highlighted leptin as an essential hormone in programming 
mechanisms linking modification in leptin level with developmental alterations in pups. 
Our work also allowed for the identification of target tissues such as the central nervous 
system and the adipose tissue providing with evidence for mechanisms involved in long-
term consequences of early exposure. The study of leptin levels also identified the 
lactation time as a critical window for programming and intervention. However, as 
suggested by our model, leptin is unlikely to be the only factor involved in long term 
consequences of early exposure calling for a more comprehensive model to better 
understand disease susceptibility.  

B) Post-doc (2011-2014): Epigenetic cellular memory of early 
exposure 

After my PhD that introduced me to the concept of programming, it became clear that I 
needed to expand my skills to develop novel approaches to answer the different 
questions that have emerged during my thesis project. This is why, for my post-doctoral 
experience, I decided to move to New York City and joined the teams of Drs. Francine 
Einstein and John Greally at the Albert Einstein College of Medicine. Under their 
supervision, I was able to lead a study focusing on characterizing the epigenetic cellular 
memory in human Hematopoietic Stem and Progenitor Cells (HSPCs) in relation to fetal 
growth. This project represented for me a unique opportunity to explore a different 
aspect of the programming mechanism focusing on the epigenetic component and to 
work on a more translational model. At this time, there was a strong enthusiasm toward 
epigenetic mechanisms and more specifically toward DNA methylation with an 
exponential number of publications and significant development of epigenetics oriented 
technologies. In this context, we performed one of the first human epigenome-wide 
association studies (EWAS) and were able to provide with guidelines on the promises 
and limitations of such an approach to support further investigation. 
 1) Early exposure and epigenetic reprogramming (Paper 3) 

During my PhD, I have been focusing on programming associated with food restriction 
as most of the initial discoveries have been made through the Dutch Hunger Winter 
cohort. However, more recently we witnessed a number of evidence to support that 
programming of age-related and metabolic diseases was not limited to food restriction 
but also found in case of over nutrition. This has been described as a U-shaped 
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association of birth weight and disease risk13 

(Figure 2). The first study to demonstrate this 
U-shaped association found that in the Pima 
Indian population, diabetes occurred in young 
adults (20-39 yo) nearly twice as much in low 
birth weight (<2,500 g) and high birth weight 
(>4,500 g) compared to those between 
2,500-4,500g14. This first observation was 
then confirmed by numerous studies in 
general population15, 16 leading to the 
conclusion that both extremes of fetal growth 
have definite influences on long-term health 
but appear to have some shared and some 
unique disease risks and mechanisms 
involved that need to be further investigated.  
When trying to explain the long-term 
consequences of early and remote exposure, 
epigenetic mechanism present as a natural 
candidate. Indeed, epigenetic markings are 
stabilized during development and 
subsequently maintained through replication. 
Induced changes in epigenetic states may 
serve as biological memory of early life exposures, such that the resulting shifts in gene 
regulatory marks can affect cellular identity, function and cell fate decisions that may 
ultimately underlie cellular dysfunction and disease susceptibility. Cytosine methylation 
is the most commonly studied and relevant epigenetic modification when looking at 
regulatory roles. DNA methylation is suggested to be one of the most stable epigenetic 
modifications, due to its maintenance through replication17. Changes in DNA 
methylation can be replicated to daughter cells, even after the condition that stimulated 
change is no longer present18. On the other hand, DNA methylation can be stimulated to 
change rapidly, which is seen in the IL-2 promoter with demethylation occurring as early 
as 20 minutes after T-cell activation19. It is both, the dynamic and stable features of 
DNA methylation, that allow for there to be a recorded response from an exposure that 
can then be passed on to cells for long periods after the exposure was present. 
Therefore, DNA methylation is a good candidate for mediating cellular memory within 
cells. Furthermore, evidence that the environment can influence DNA methylation 
changes has been shown by many studies. One of the best examples comes from 
studies of monozygotic twins, which demonstrate widening epigenetic divergence over 
time correlating to greater inter-individual variability in phenotype20. Histone 
modifications and chromatin organization, other epigenetic mechanisms, have been 
correlated with gene expression; where active transcription tends to occur in less 
compacted chromatin regions, allowing transcription factors and RNA polymerases to 
access the DNA21. Many studies have explored the associations and correlations 
between histone modifications and gene expression. While the list of histone 
modifications continues to expand, there is a selection of histone modifications that 
have been established as key predictive marks of either gene expression or activation. 

Birth Weight

IUGR LGA
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U-shaped Association of 
Birth Weight and Disease Risk

Figure 2:  U-shaped curve. Both extreme of fetal 
growth increase the risk for metabolic and age-related 
disease later in life (such as obesity, diabetes, cardio-
vascular disease). IUGR = Intra Uterine Growth 
Restricted and LGA = Large for Gestational Age. 
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Marks most predictive of gene activation are H3 lysine 27 acetylation (H3K27ac), H3 
lysine 4 mono-methylation (H3K4me1) and H3 lysine 4 tri-methylation (H3K4me3)22, 23. 
Common transcriptional repression marks are H3 lysine 27 tri-methylation (H3K27me3) 
and H3 lysine 9 tri-methylation (H3K9me3)22, 23. 
With our study we decided to assess one of the aspects of the epigenetic response to 
extreme of fetal growth looking at DNA methylation using the HELP-tagging technology 
developed in our lab on cord blood-derived HSPCs from a well-design cohort with non 
overlapping group of control, large for gestational age (LGA) and intrauterine growth 
restricted (IUGR) neonates. HELP-tagging is a discovery platform that allows for the 
interrogation of about 2 million CpG sites genome-wide. HSPCs are a cellular 
population ideally suited to our study as it includes a subset of long-term, self-renewing 
stem cells that persist throughout the life of an individual, allowing the cellular 
propagation or “memory” of a temporally remote exposure and have been previously 
associated with long-term consequences of abnormal fetal growth24, 25, 26. Both birth 
weight and ponderal index (a measurement of neonatal weight relative to length) were 
used to identify case and control subjects. IUGR and LGA were, respectively, defined 
by birth weight and ponderal index values <10th or > 90th percentile for gestational age 
and sex. Control infants had normal parameters (>10th and <90th percentiles) for both 
birth weight and ponderal index. Only healthy infants without any anomalies or 
dysmorphic features and following an uncomplicated intrapartum course, without 
evidence of fetal distress were included. With our innovative design we aimed to answer 
3 main questions; 1) can we identify fetal growth-related changes in DNA methylation; 
2) will the two extremes of fetal growth present a similar DNA methylation profile; and 
finally, 3) what are the biological functions associated with these changes in DNA 
methylation. Because our study was one of the pioneer studies for EWAS, the 
implementation of novel analytical approaches was inherent to this project and would 
serve as a blueprint for further studies. 

a) Genome-wide DNA methylation profiling 

With our study, we showed for the first time epigenetic changes in response to the two 
extremes of fetal growth with a global shift of increased DNA methylation compared to 
appropriately grown neonates. It was then essential for us to annotate the differentially 
methylated loci to allow for further data interpretation. To predict the functional 
consequences of our candidate loci, we took advantage of the mapping of chromatin 
components in CD34+ HSPCs available through the Roadmap Epigenomics Program. 
Indeed, as mentioned above, chromatin components have a well-established correlation 
with the regulation of gene expression, therefore, their profile can be exploited to define 
cell-specific genomic annotation not limited to the common promoter and CpG island 
regions. Using an unsupervised pattern recognition approach27, 28 on publicly available 
histone marks (H3K4me1, H3K4me3, H3K27me3, H3K27ac, H3K9Me3) specific to 
CD34+ cells, we were able to define candidate promoters, enhancers, transcribed and 
repressed regions specific to the CD34+ HSPC population that will be further assigned 
to each CpG. Interestingly, we showed that our candidates' differentially methylated loci 
were enriched in promoter and enhancer regions for both IUGR and LGA neonates, 
indicating preferential targeting of transcriptional regulatory elements.  
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b) Sexual dimorphism associated with the extremes of fetal growth 
Looking at the genome-wide DNA methylation profile, it was interesting to note that 
while a subset of altered loci was shared between IUGR and LGA, the majority of the 
loci are distinctive between these two groups suggesting that at the CpG resolution the 
response to both extremes of fetal growth was specific. Even more striking was the 
observation of strong sex-specific differences between IUGR and LGA. Both IUGR 
males and females show a shift in DNA methylation profiles compared to controls, but 
the number of hypermethylated loci was markedly higher in males compared to females. 
Sex-specific differences were also seen in the comparison of LGA to controls, with LGA 
females showing an increase in the overall number of candidate differentially-
methylated loci compared to males (Figure 3). Such findings were quite unique at the 
time as other EWAS studying epigenetic responses to adverse intrauterine conditions 
have generally presented combined observations for males and females29, 30, but they 
were supported by findings in large epidemiological studies where some sex-specific 
differences have been reported31-33. Sex differences have been shown in prevalence to 
diabetes and obesity with globally obesity being more found in women than men, except 
within the USA and UK were the opposite is found34. Sexual dimorphism also exists in 
early development with for example male fetuses growing faster than female starting as 
early as the pre-implantation stage35. Similarly, it appears that early exposure will have 
a different impact on male versus female. Indeed, looking back at the Dutch Hunger 
cohort, a disrupted lipid profile (increased cholesterol and triglycerides) were identified 
specifically in female individuals who were exposed to the famine36. In the opposite, in 
the case of preterm, boys are showing more severe adverse outcomes than girls37. 
Finally, many rodents’ models of maternal (and even grandmaternal) obesity have 
suggested that females are more susceptible to the programming of glucose 
homeostasis, whereas males are more susceptible to changes in adiposity and body 
weight38, 39. However, the causes and mechanisms associated with this sex-specific 
response still need to be clearly elucidated. Among the possible candidate mechanisms 
mediating this sex-specific effect are epigenetic, placenta or hormone-related 
mechanisms. Differences in the expression levels of the DNA methyltransferase 
enzymes (DNMTs) are observed early in development between male and female 
blastocysts and appear to be maintained through to adult life at least for some tissues40, 

41. Furthermore, genome-wide changes in methylation pattern have been observed in 
individuals from the Dutch Hunger cohort and the majority of these changes is sex-
specific, and could, therefore, explain the sexually dimorphic occurrence of obesity and 
other age and metabolic-related diseases in this cohort42. Placenta anatomy and growth 
also differ between male and female with male placenta being smaller but seems more 
efficient as measured by the placenta weight required to support fetus growth43. A 
decreased placental size was reported after early exposure but the reduction was 
greater in male than females44. Finally, circulating hormones are likely to play a role, for 
example, difference in leptin level between male and female has been reported in cord 
blood45. A sex-specific response to leptin surge inhibition on hypothalamic neuropeptide 
expression has also been reported in mouse model46. Variation in sex hormones 
exposure, like estrogen, may also contribute to the sex-specific response to exposure 
via direct effect or interaction with other circulating hormones such as insulin and 
leptin47-50. Estrogen and testosterone both being produced in utero (at fertilization and 9 
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weeks post-conception, respectively) can be involved in long-term consequences of 
early exposure. Recently, research has been intensified to better account for these 
specific differences promoting projects that include both male and female subjects. 

 
c) Functional implication of changes in DNA methylation associated with 

the extremes of fetal growth 

To assess the underlying mechanism that may be affected by early exposure and better 
understand the correlation between change in DNA methylation and long-term 
consequences we performed pathways analysis. We tested whether our loci of interest, 
affected by DNA methylation changes, were enriched at a specific subset of genes 
characterized by the concordance of function of their protein products using gene set 
enrichment analysis (GSEA). While traditional GSEA didn't take into account the 
physical characteristics of the gene (length, number of CpGs) which have been shown 
to biased the analysis51, we adapted our approach to control for the number of CpGs 
linked to each gene to limit over-representation of specific gene due to technical design. 
Indeed, longer gene or gene with a greater number of interrogated CpGs are more likely 
to be capture than smaller one, thus, may influence the outcome of pathway analysis. 
To further improve our interpretation, we decided to only consider differentially 
methylated loci falling in the proximity of transcription start site of the associated gene or 
overlapping with candidate regulatory elements (promoter or enhancer) as these 
genomic regions show a better correlation between change in DNA methylation and 
change in gene expression. Among the different significant pathways identified, two 

Figure 3: Sexual dimorphism in epigenetic response to early exposure. Volcanoplots 
representing the significance and magnitude of difference between our groups for each 
interrogated CpG site. Comparisons involving only male are plotted in blue and only female 
are plotted in red. Top part histograms represent the number of significant loci (p<0.05 and 
difference >20) for each comparison. 
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were of particular interest, the KEGG pathways for Maturity onset diabetes of the young 
(MODY) and Hedgehog (HH) signaling (Figure 4). Interestingly, in both of these 
pathways genes involved in proliferation, differentiation and self-renewal capabilities of 
stem cells were heavily represented suggesting that early exposure may affect 
stemness in the hematopoietic compartment. Based on these observations, we build 
our actual model where we believe that early exposure will generate a new epigenetic 
cellular memory in HSPCs that lead to an advance aging-like phenotype in this key cell 
type and affect cell self-renewal, proliferation, and differentiation abilities. Therefore, 
being more vulnerable to further exposure and able to explain the increase of metabolic 
and age-related diseases earlier in life.  
 

Finally, it was also interesting to note that, in opposite to what has been observed at the 
CpG resolution, with a limited number of altered CpGs overlapping between our two 
exposed groups, the same pathways were targeted between IUGR and LGA, showing 
convergence of dysregulation even though the loci targeted are not necessarily the 
same. This suggests a greater scheme of regulation and a complex relationship 
between the different layers of the regulatory landscape that need to be further explored 
to better understand the relationship between genotype and phenotype.   

2) Influence of cell subpopulation on epigenetic regulatory landscape 
(Paper 4) 

While analyzing our DNA methylation dataset, it became obvious that one aspect that 
has been underestimated so far was the complexity of the relationship between change 
in DNA methylation and its repercussion at the gene expression level. However, our 
ability to better describe and model this relationship is essential to our understanding of 

Figure 4: Gene networks representing gene set enrichment analysis. Selected networks that 
represents gene differentially methylated in Maturity onset diabetes of the young and Hedgehog 
signaling pathways. Each node represents a gene. Red node corresponds to gene found significantly 
differentially methylated in IUGR and LGA versus control. Green node corresponds to gene only found 
in LGA versus control and blue node to gene only found in IUGR versus control. 
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the functional consequences associated with DNA methylation changes. Relationships 
between DNA methylation, gene expression, and various other genetic and epigenetics 
biomarker have been examined previously. Methylation is highly variable across cell 
types and it was originally established that DNA methylation was involved in gene 
silencing52, but more recent studies have found that DNA methylation can also be 
positively correlated with gene transcription when found in gene bodies53. These 
observations highlighted that genomic context plays an important role in the correlation 
between DNA methylation and gene expression with specificity for each cell type. This 
also suggested that cellular heterogeneity was an important factor to consider when 
performing DNA methylation studies which led to the analysis of epigenetic variability 
not only in the context of disease phenotype (EWAS) but also, in the same cell type 
between healthy individuals54-60. However, the mechanism and functional 
consequences of this specific type of variability were still unclear. Thus, we decided to 
define the loci with epigenetic variability in CD34+ HSPCs from healthy neonates and 
assess the functional relevance of such variability using our chromatin-based CD34+ 
HSPCs specific genomic annotation. 
First, we were able to confirm the correlation between the level of methylation and 
variability, showing that increased variability was associated with intermediate value of 
methylation. Indeed, due to the binary nature of the DNA methylation signal (either 
methylated or not, excluding the rare case of hemi-methylation), extreme values of 
methylation at the tissue level can only be explained by the entire cell subpopulation 
presenting a similar profile. Similarly, an intermediate level of methylation will be 
achieved through cell heterogeneity with different ratio of cells being methylated versus 
cells being unmethylated. If this statement was essential to the rest of our study, it was 
not really novel at the time. However, we were the first one to further characterize its 
functional implication. We provided with evidence to support the non-random aspect of 
this variability as we showed that the loci with high variability were enriched in pathway 
relevant to our cellular model. These observations were going against the dogma that 
signal variability should be considered as background noise and therefore removed 
from the dataset before analysis using batch correction approaches such as surrogate 
variable analysis (SVA) or ComBat. In the opposite, we believed that this variability 
represents an informative signal that should be incorporated during data analysis as 
subpopulation structures, present even in histologically-identical, sorted cells, are likely 
to influence the result of epigenome-wide assays, and that the current approaches that 
rely on the use of sorted subpopulations of cells potentially do not go far enough to 
capture these influences. Since the publication of our paper, it became obvious that 
cellular heterogeneity has been largely underestimated in -omics analysis 
(transcriptomic, epigenetic, genomic) and now that its influence is widely recognized, it 
is essential to assess cellular heterogeneity as part of the study design and account for 
it during analysis. Such change in mentality has with no doubt contributed to the 
exponential development of and enthusiasm for single-cell technology approaches that 
we are witnessing in the last couple of years.  
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C) Early Investigator (2014-2018): Modeling of Placenta regulatory 
landscape (Paper 5) 

With the constant improvement of technologies dedicated to better depict the regulatory 
landscape, interest has quickly shifted from focusing on DNA methylation only, toward 
using a combination of assays that will interrogate the different layers of the regulatory 
landscape. This shift has been motivated by the different assays being more affordable 
and by the understanding that DNA methylation on its own was not enough to feel the 
gap between genotype and phenotype as believed in its early days. Indeed, each 
genome-wide assay is aimed at measuring one type of regulatory biomolecules 
accurately and comprehensive in isolation. Interpretation of the functional role of each 
type of regulator in the system is limited by its unidimensional view. Genomic, 
epigenetic and post-translational regulators are interdependent and jointly contribute to 
the normal functioning or dysfunction of tissue. Thus, to pursue our effort in better 
characterizing the epigenetics events involved in early development, we needed to 
gather multiple datasets. Unfortunately, the protocol in place for the collection of HSPCs 
from cord blood was optimized for DNA methylation application only (quantity of 
material, mode of preservation) and would not allow for the generation of the other -
omics datasets. Such limitation motivated me to look for an alternative that would allow 
for investigation of the interplay between the different regulatory factors in a similarly 
complex model. This is why I started a collaboration with Drs. Ron Wapner and Ben 
Tycko at Columbia University. Through this collaboration, I got access to a unique 
dataset representing genotype, transcriptome, and methylome information for about 300 
human normal placentas. This opportunity allowed me to develop an analytical 
approach and identify mechanisms involved in the control of gene expression that can 
be then transposed to a different cellular model.  

1) Characterization of placenta regulatory landscape 

The placenta controls fetal access to nutrients, hormone production and mitigation of 
adverse effects from the environment, with placental dysfunction resulting in chronic 
diseases such as heart disease, type 2 diabetes or cancer61-64. Evidence suggests that 
such perturbations of the intrauterine environment alter the appropriate genetic 
programming and disrupt placental and fetal development65-67. Although there is strong 
support for changes in DNA methylation to be involved, a direct association between 
environmental conditions, methylation alterations, and gene expression is difficult to 
confirm. Unlike many other human tissue types, the number of genome-wide -omic 
studies involving placenta is relatively limited with placenta being absent from most 
initiatives such as the GTEx consortium or the GWAS database. Thus the scope of our 
study was first to provide with insight into the regulatory landscape of the healthy 
placenta and secondly, to highlight limitations of current platforms offering analytical 
approaches to overcome these limitations. By sampling more than 300 individual 
healthy placentas from a diverse and representative population, we presented the most 
extensive placenta-specific genome-wide analysis published to date offering new 
resources to support further placenta-oriented research, especially in a disease context. 
Indeed, a significant amount of research today is built on the dichotomy between treated 
versus non-treated or disease versus non-diseased with less consideration toward 
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understanding what constitutes normal or healthy. However, we believe that our ability 
to more fully define a 'normal' molecular phenotype will have a notable impact on the 
significance of the outcomes of further studies. A better understanding of the interplay 
between the multiple functional layers at a system's level under normal conditions is 
needed to fully interpret and garnish further benefit from the increasing amount of –omic 
interpretable data available. 
Our transcriptome and methylome analyses revealed a quite unique profile in placenta 
compare to the over tissues. Inter-tissues gene expression correlation was low when 
compared to tissues documented by the GTEx consortium. Mean genome-wide level of 
DNA methylation across placentas was lower than that found in other tissues, with an 
increased representation of low and intermediate levels68, 69. Aware of the influence of 
cell heterogeneity within tissue and especially within the placenta, we decided to further 
explore gene and CpG with high variability across samples. Interestingly, using gene set 
enrichment analysis, we found pathways related to the immune response to be highly 
represented among highly variable genes or CpGs. This suggests that different levels of 
inflammation in each placenta could drive heterogeneity among samples. Focusing only 
on expression, the top pathway was the “ECM-receptor interaction” that have been 
previously associated with placental development70 and have been shown to be 
correlated with oxygen tension and nutrient availability71. Therefore, variability in gene 
expression may also reflect various in utero exposures with impact on placenta 
development and potential long-term consequences even in the absence of clear 
phenotype at birth highlighting the gain of resolution offered by –omics approaches. 

 2) in silico analysis of interaction within the regulatory landscape 

The second aspect of our study was to use the resolution of our approach to better 
characterize the interaction among the different layers of the regulatory landscape. The 
challenge was then to integrate these datasets to allow for the identification of shared 
mechanisms that will recapitulate the epigenetic influences on gene expression. Using 
quantitative trait loci (QTL) approach, we generated maps of associations between 
genetic variants and gene expression (eQTL), between a genetic variant and CpG 
methylation (mQTL), or between gene expression and CpG methylation (eQTM). The 
first two were designed to identify genes or CpGs under the influence of genetic variant 
and therefore identify underlying regulators such as transcription factor that will explain 
the impact of the genetic variant on the expression or CpG methylation. The latter 
aimed to better understand the influence of change in DNA methylation on gene 
expression directly.  
We first validated the robustness of our approach looking at how our recently annotated 
eQTL and mQTL replicate in previously published studies in human placenta. We found 
significant overlap with eQTL (62% of overlap) published by Peng et al.72 and with 
mQTL (38% of overlap) published by Do et al.69.	 Then, we were interested in better 
characterizing these associations by looking at correlations with level of expression or 
level of DNA methylation, by annotating the genetic variant and by looking at the 
possible implication of transcription factors. Overall, we showed that associations 
involved genes that were intermediately or highly expressed, and CpGs with an 
intermediate level of methylation. Genetic variant influencing gene expression or DNA 
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methylation were enriched for candidate promoter and enhancer, defined using publicly 
available histone mark specific to the placenta, suggesting a possible cis-regulatory 
effect. When looking at enrichment for transcription factor binding site considering 
genetic variant associated with mQTLs, we identified enrichment for CTCF. CTCF was 
previously identified as associated with mQTL in a similar study by Do et al.69 and is one 
of the best-documented transcription factors affecting DNA methylation. Interestingly, 
transcription factors associated with changes in histone methylation or acetylation73-77 
such as EWSR1 (Ewing sarcoma breakpoint region1), FLI1 and SP4/1 were found 
enriched with genetic variant associated with eQTL and mQTL reinforcing the evidence 
for strong interactions between the different layers of regulators and also, suggesting 
that the effect of transcription factors on gene expression may be in part mediated via 
epigenetic modifications.  
Looking at the eQTM associations, we confirmed the genomic context-dependent 
correlation between DNA methylation and expression78. We observed a negative 
correlation, when an increase in DNA methylation is associated with a decrease in 
expression, for CpG sites located in the promoter region and a positive correlation, 
when an increase in DNA methylation is associated with an increase of expression, for 
CpG sites located in the gene body. But the more striking outcome came from our 
observation of two distinct profiles of correlation, linear versus bimodal, between 
expression and methylation. As discussed above, because the DNA methylation is a 
binary variable, having eQTM associations with bimodal distribution suggest that every 
interrogated cell within the placenta sample share the same DNA methylation and 
expression profiles, implying that the association is non cell- or state-specific. On the 
contrary, eQTM associations with linear distribution suggest a cell- or state-specific 
mechanism where the continuous signal is explained by the distribution of cells being 
fully or not methylated among the placenta sample. Interestingly, linear and bimodal 
distributed associations were not found enriched for the same genomic context. Linear 
distributed eQTMs were enriched for candidate active and poised enhancer and 
bimodally distributed eQTMs were enriched for candidate promoter. These observations 
are consistent with the promoter being conserved between the different cell types and 
enhancer being cell-specific. Looking at transcription factor binding sites across bimodal 
and linear eQTM associations, we identified a specific pattern where bimodal but not 
linear associations were globally enriched in transcription factor binding sites. This 
suggests that distribution not only reflect cell heterogeneity but also provide information 
on the different factors involved in DNA methylation regulation of expression. Our work 
once again highlights the importance of considering cell subpopulations when 
performing genome-wide analysis.                

D) Conclusion 

In recent years, translational science has rapidly evolved with the democratization of 
genome and epi-genome wide approaches. In consequence, the number of genomic 
assayed data has increased far beyond the pace of analytical tool development, with 
datasets likely to continue to increase in size and complexity. Such an accumulation of 
data is meant to understand the gene-environment interactions that affect human 
health. However, this unprecedented gain in resolution comes with its challenges, our 
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ability to adequately integrate the different datasets and, our ability to model the 
relationship between genotype and phenotype. 
Developing better tools to integrate genome-wide datasets is essential as researchers 
acknowledge the limited impact of genome-wide approaches that examine a single 
component of transcriptional regulation in isolation. Thus, accurately integrating 
genomic, epigenetic and post-translational regulators will likely unleash the full potential 
of multi-omics approaches and allow the discovery of highly relevant targets.  
With the priority given to data processing, limited effort has been dedicated to 
characterize the functional relevance of each layer of the regulatory landscape in regard 
to its associated phenotype. This created a substantial unbalance between our ability to 
collect data and identify markers, and our ability to understand the fundamental 
mechanisms involved in the regulation of gene expression, an essential step toward a 
better comprehension of disease initiation and progression. 
Aware of the promises hold by genome-wide approaches as well as the limitations 
inherent to such methods, I decided, after a PhD in human physiology and molecular 
biology, to focus on acquiring new skills in computational genomics. These evolutions 
are reflected in my research path and have allowed me to keep exploring the effect of in 
utero exposure on age-related diseases sensitivity. Indeed as detailed above, my early 
work provided me with core knowledge essential to comprehend physiopathology of 
early exposure focusing on the development of the Brain-Adipose Axis (BAA) in a 
rodent model. Then, my affinity with the new technologies and my newly acquired 
computational biology skills opened me to novel tools and perspectives to uncover the 
underlying mechanisms involved in metabolic and age-related diseases susceptibility. 
Thus, my previous work has helped me to identify priorities to shape my research 
project; 1) to look at the association between epigenetic changes and functional 
consequences using in vitro and in vivo functional assays in the context of advance 
aging-like phenotype, 2) to characterize the sex-specific response to early exposure 
suggested by our HSPCs DNA methylation study, and 3) to expand our model to not 
only focus on DNA methylation but include other actors of the regulatory landscape and 
assess cell subpopulation evolution after early exposure. 
As an established investigator, I aim to promote the use of these new technologies 
keeping in mind the importance of proposing approaches conciliating the discovery 
aspect of these methods with the need for functional validations, key to move forward in 
our effort for the development of precision medicine. I also want to use my research as 
support to develop training opportunities in computational biology as I am convinced 
that such skills are essential for the next generation of researchers. Indeed, with the 
omnipresence of data, the access to them is unlikely to be a limiting factor and it is 
essential to provide fellows with the necessary tools to leverage this information and be 
fully equipped to apprehend these new challenges.   
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Teaching portfolio 

A) Teaching Philosophy 

I strongly believe that research and education are essential tools to shape a society in 
constant evolution. In a time when facts and information are very challenging to convey, 
it is essential to me that everyone is giving equal access to knowledge a necessary step 
toward independent and critical minds. First, I decided to focus my career choice in 
research to fulfill my need for constant discovery. Then I realized that to have a full 
impact research needed to be made accessible and understandable to everyone and 
decided that education will also be part of my curriculum. Therefore, early on in my 
career, I dedicated time for teaching and I have been following this path since, trying to 
balance between research and education in various way lecturing, mentoring and 
volunteering experiences. For me, teaching cannot be limited to sharing knowledge but 
represents a key opportunity to support fellow personal development by not only 
delivering fact but also giving them the necessary tools to leverage this knowledge and 
be fully equipped to apprehend new challenges. The omnipresence of data represents a 
shift in the teaching mission from delivering information to learning how to manage such 
information with discernment and support articulate reasoning. I see education as a very 
dynamic process involving strong interactions between fellow and mentor. I also believe 
that education cannot be dissociated from research, as new discovery represents the 
bridge between the fundamentals that need to be taught and the actual relevance of the 
learning. 
My interests have evolved with time, after early work on human physiology and 
molecular biology, I decided to expand my horizon and focus into translational science 
to understand gene-environment interactions that affect human health. As I realized the 
potential of genomic information, I decided to explore the very exciting and innovative 
field of functional genomics. As my research interest was growing, I was lucky to be 
able to reflect these changes into my different teaching experiences from lectures on 
cellular physiology, genetic and epigenetic to training on bioinformatics. 
In the actual context, where advancement in technology is unprecedented, our ability to 
apprehend large datasets is an essential skill. I am convinced that such progress will be 
limited if computational expertise is not associated with a strong background in human 
biology making dual curriculum a significant advantage to positively impact human 
health. This is why I want my teaching to reflect this synergy allowing the student to 
develop his/her skill in bioinformatics while confronting him/her to actual public health 
challenges. I believe that such a vision is consistent with the formation offered within the 
PhD school and will fully contribute to the excellence of its program.  
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B) Teaching Experience 

1) Courses 

My teaching responsibility has been first oriented toward human physiology and 
molecular biology. Then my research focuses evolving into a more translational 
approach after realizing the potential of data analysis and functional genomics, it felt 
natural to reflect these changes in my different teaching experiences. Therefore my 
portfolio range from lectures on cellular physiology, genetic and epigenetic to training on 
bioinformatics mostly oriented toward R environment.   
As a Teaching assistant at the USTL at the rate of 64 hours/year for a duration of 3 
years (2006-2010), I was in charge of 4 lab classes (18 hours/year each), 1 course (48 
hours/year) and 1 research internship (“Travaux Encadrés de Recherche”, 56 
hours/year). The labs focused on different topics of animal physiology and were opened 
to 3rd-year licence students. The lecture was on molecular biology for 1st-year licence 
students. The internship was accessible to 1st-year master student and the research 
subject was derived from my PhD project. Class varies between 20 and 30 students. 
Lab exams were weekly report while lecture exam was part of the final exam session of 
each semester including question and answer session as well as dissertation.  
As Assistant professor at the Albert Einstein College of Medicine, I was in charge of 
spring course on molecular genetics entitled: New challenge in functional genomics 
avoiding misinterpretation to gain insight into cellular physiology (2017, 8 hours). The 
goal of the course was to understand the applications and limitations of functional 
genomics; to be able to identify technical and biological artifacts inherent to genome-
wide analysis; and, to explore new perspectives and technologies to overcome these 
limitations. The first and last sessions had an introductory lecture by the instructor, 
followed by a group discussion of relevant literature. During, the 2nd and 3rd sessions, 
students were assigned a paper to present. The presentations were followed by a group 
discussion and closing remarks by the instructor. Each session counted two short 
presentations (~20 min). 

 2) Mentoring 

In 2018, I was mentoring PhD student Alexandra Tuzova, a visiting student (3 months) 
working on decoding the landscape of enhancer activity in prostate cancer. During her 
stay, we worked on the design of her analytical approach as well as her training on data 
analysis. 
From 2013 to 2016, I was mentoring MD/PhD student Jessica Tozour. During her PhD 
project on cellular memory of adverse intrauterine nutrition associated with altered cell 
function and epigenetic dysfunction, Jessica published 2 first-author papers in peer-
review journals.   
From 2010 to 2011, I was co-mentoring Jean-Sébastien Wattez (2nd year of Master). 
Jean-Sébastien master project on the role of the interaction between 
mother/lactation/intestinal intakes in metabolic programming of male newborn rats from 
undernourished mothers allowed him to obtain a PhD fellowship.  
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From 2016 to 2019, I was the director of the Computational Genomics Core at the 
Albert Einstein College of Medicine and was leading a group of 2 bioinformaticians, 
working closely with the sequencing facility. I was in charge of developing analytical 
approaches and informatics pipelines for genome-wide analysis. I was also in charge of 
implementing these approaches through the bioinformatics team and providing advice 
on study design and analytic strategy to investigators with various backgrounds.  

 3) Examinator/censor 

I was one of the members of the thesis committee of Julio Cezar de Oliveira. His work 
focused on critical windows in development and metabolic programming: role of the 
autonomic nervous system. 

 4) Dissemination/outreach 

Throughout the years, I have been participating in different outreach initiatives. I have 
been invited to a podcast (Break Nutrition Podcast) to discuss epigenetics in general, 
about epigenetic mechanisms in the context of fetal growth and diseases susceptibility 
and finally, on how to best interpret scientific epigenetic studies. I have participated in 
the Rockefeller University Science Outreach Program as volunteer and I gave an 
intervention for 8th-grade students at the Theatre Arts Production Company school on 
(Epi) Genome editing. The presentation was for students who were taking an 
accelerated high school level biology course. 

 5) Pedagogical development projects 

I develop and deliver a workshop on High-Performance Computer (HPC) in the context 
of –omics data analysis. This workshop was designed to answer 2 main needs: (1) 
improve the users' knowledge on how to perform relevant data analysis and (2) improve 
the stability and efficiency of the HPC system by reducing the number of inadequate 
manipulations. This workshop occurred twice a year, open to students, fellows and 
faculty members over 3 sessions of 2 hours.  
I co-found and lead of the Genomic/Epigenomic Analytical and Computational (GEAC) 
Group (2013 -2015). I decided to create the GEAC group to work together and develop 
robust, standardized ways to analyze data from genome-wide assays and to make our 
collective insights available for everyone. This working group including a presentation 
on various topics all involving –omics technology and a follow-up question and answer 
session. The meeting was held twice a month. 

 6) Training in the pedagogy of university teaching  

Training as “Moniteur d’initiation à l’enseignement superieur (MIES)”. This training 
involves 10 full days of courses per year for 3 years. These sessions were built around 
better apprehending teaching methods and communication as well as requirement to be 
a lecturer at university. During these 3 years, teaching practice was mandatory (3 
hours/week) including lecture and lab session for undergraduate students. 
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Research Proposal 
 
As a junior investigator, I realized that the new challenge in genome-wide analysis was 
to be able to move from a discovery point of view, where studies are designed to 
identify biomarkers, to a mechanistic one with concentration on understanding 
underlying upstream and downstream elements involved in disease susceptibility. I 
realized that such a shift was dependent on our ability to better understand the influence 
of epigenetic modification on gene expression but also, on our ability to link epigenetic 
and transcriptomic changes to a specific phenotype. To tackle this new challenge, my 
past years have been dedicated to sharpen my computational skills and to the 
exploration of the regulatory landscape in different models. As the next step, I want to 
focus on the association between modification of the regulatory landscape and 
acquisition of a specific phenotype. I propose then, using the model of in utero exposure 
that I am extremely familiar with, to combine genomic and computational approaches 
with in vitro functional assays to correlate modifications in the regulatory landscape with 
phenotypic alterations that will link early life exposures and increased susceptibility to 
metabolic and age-related diseases later in life. 
I hypothesize that the epigenetic response generated by early exposure is not limited to 
cellular reprogramming of early hematopoietic progenitor cells but also, is responsible 
for redistribution in the repertoire of early hematopoietic progenitor cells subpopulations. 
Such response will affect differentiation and self-renewal potential of progenitor cells 
and provide with a mechanism to link early exposure and the increased sensitivity to 
metabolic and age-related diseases (Figure 5). 
The analytical part of this project is perfectly suited to support a PhD student that 
wants to develop bioinformatics skills, an essential asset in regards to the 
direction where to the science is heading. The PhD student will be in direct 
interaction with the post-doc in charge of the molecular and functional aspect of 
the project and will benefit from the combined expertise in data analysis and -
omics technologies present in our team.   
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Rationale for the research project 
Prenatal development is a period of rapid growth and cell differentiation. Epigenomic 
remodeling during this period makes individuals particularly vulnerable to adverse 
conditions that may have a significant impact on organ structure and function and 
propensity for clinically defined disease later in life. Age-related diseases include many 
disorders, notably obesity, diabetes, cardiovascular diseases, and cancer. Taken 
separately these diseases represent some of the most challenging areas of research 
today. Yet, looking at the early life exposures will enable the identification of a shared 
mechanism between age-related diseases. We suggest that the alterations in stem cell 
properties such as those demonstrated in progenitor cells from individuals with 
metabolic syndrome could be part of such a mechanism. Indeed, hyperglycemia 

Figure 5: Working Hypothesis. Model recapitulating both the cellular reprogramming and the cell subpopulation 
response to early stress in the hematopoietic compartment. This model assumes that both the acquisition of an 
epigenetic cellular memory (cellular reprogramming) and the changes in cell subpopulation distribution (cell 
subpopulation effect) contribute to alteration of the stem cell abilities within the hematopoietic compartment that will 
lead to an advance aging-like phenotype after early exposure that can explain the increased risk for metabolic and 
age-related diseases later in life. 
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exposure decreases the migratory ability of CD34+ HSPCs and affects the mobilization 
capacity of these progenitors cells79. In individuals with diabetes, long-term HSPCs 
early proliferation induced by bone marrow stromal cells is maintained even after being 
cultured in normal glucose medium for several days, suggesting that hyperglycemia 
induces persistent epigenetic changes in HSPCs as previously shown in other cell 
types80. This is why a better comprehension of the mechanism involved in early disease 
susceptibility will with no doubt benefit to further investigation within a large spectrum of 
age-related diseases. 
The long-term effects of the same environmental insult, such as maternal unbalanced 
nutrition or maternal stress, can have various phenotypic effects on male and female 
offspring81, 82. This difference has led many researchers to target their effort exclusively 
to one sex, especially to males. However few studies have collected sex-specific data 
mostly in the context of placenta analysis. A recent study showed that maternal obesity 
in the mouse model induced a reduction in placenta labyrinth thickness and cell 
proliferation. Moreover, inflammation in the placenta was increased in late gestation, 
with a sex-specific effect: placenta of males showed greater inflammation and 
macrophage activation than those of females83. A striking sexual dimorphism was also 
observed in a mice model where female were challenged with either a low-fat or a high-
fat diet before breeding at E12.5, each diet led to sex-specific response and more 
genes were deregulated in females compared to males under both diets84. Again, a sex-
specific response was observed using microarray assay with female placentas 
exhibiting a highly coordinated response, including upregulation of genes related to 
programmed cell death and downregulation of genes associated with cell proliferation. 
The male placental transcriptome appeared less responsive in terms of the number of 
affected genes and pertinent pathways85. Sex is also a known factor affecting the 
methylation pattern mainly on the X chromosome, but also on autosomal 
chromosomes86, 87 suggesting epigenetic implication in sexual dimorphism. As effort 
should be concentrated not only on the observation of sex-specific features but also, 
and more importantly, on the understanding of the underlying mechanisms, we 
designed our study to allow identification of sex-specific regulatory mechanisms. 
Sample Collection  
For this project, I decided to focus on the impact of in utero exposure. In utero 
environment, due to its limited accessibility, is difficult to fully apprehend. Thus, the 
identification of the exact stressors is still approximate necessitating the use of 
surrogate markers to assess exposure during early development. Fetal growth is a well 
establish surrogate marker that will reflect the presence or absence of stress during the 
pregnancy. Defined complications during early development such as preeclampsia or 
gestational diabetes will have a specific impact on development and should be 
considered separately. Thus, for the main project, I will study sample from two groups of 
consenting women who deliver either large for gestational age infants (LGA) without 
other clinical complication or healthy control infants with equal representation between 
males and females (appropriate for gestational age growth, matched for sex and 
gestational age at delivery). Controlling for sex of the neonate is important, as we 
previously found a sexual dimorphism in DNA methylation in response to abnormal fetal 
growth at either extreme of birth weight and also will allow us to further explore the sex-
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specific response to early exposure. Birth weight, ponderal index (a measurement of 
neonatal weight for length) and maternal diabetes status are used to identify cases and 
controls. As previously mentioned, LGA is defined by birth weight and ponderal index 
values >90th percentile for gestational age and sex. Controls include infants with >10th 
and <90th percentiles for birth weight and ponderal index. Women with pre-gestational 
and gestational diabetes are excluded.  
To follow, on our previous observations, I decided to keep focusing on HSPCs. Thus, 
after collection of the sample, we will isolate CD34+ cells by surface marker selection. 
However, as -omic assays and assays used to assess functional consequences are 
significantly affected by sample quality and composition, I propose to run assays on 
enhanced purified collected samples. We will add to the enrichment step for CD34+ 
marker, a lineage depletion to exclude cells that express lineage-specific markers such 
as T-cell, myeloid, B-lymphoid or erythroid lineage and a positive selection for CD38-. In 
doing so, I will select for multipotent progenitor HSPCs (short- and long-term HSPCs, 
lin- CD34+ CD38-) and improve reproducibility without significantly compromising our 
starting material as more than 40% of CD34+ cells are multipotent progenitor HSPCs 
(Figure 6). 
  

	
 

Figure	6:	HSPCs	subpopulations	analysis	using	cell	surface	markers. 
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A) Identification of sex specific DNA methylation-sensitive cis-
regulatory elements involved in stem cell aging affected by 
intrauterine exposure to nutrient excess. 

We will use a genome-wide approach to identify methylation alterations directly affecting 
functional properties of multipotent progenitor HSPCs from umbilical cord blood of 
infants with excessive fetal growth to that of appropriately grown infants. First, we will 
generate an in silico model to identify the most relevant affected pathways using an 
innovative network analysis allowing us to combine transcriptome information, genome 
annotation and DNA methylation. Then, using the same resolution, we will further 
investigate the sex-specific aspect of early exposure. 

 1) DNA Methylation 

We will generate whole-genome DNA methylation data using the Infinium Methylation 
EPIC BeadChip 850K array. The new EPIC design represents a significant 
improvement from the Illumina Infinium HumanMethylation450 (450K) BeadChip array 
with 853,307 CpG sites targeted instead of the 485,764 original ones. The new CpG 
sites include regulatory regions provided by the ENCODE and FANTOM5 projects such 
as enhancers, transcription factor binding sites, open chromatin regions, and DNase I 
hypersensitive regions88. It then represents the most cost-effective tool for assessing 
genome-wide levels of DNA methylation and is routinely performed in our team through 
the LIGAN sequencing facility. Standard processing pipelines for quality control and 
methylation score generation are implemented through our bioinformatics team. We will 
conduct standard quality control steps, removing probes on the sex chromosomes, 
probes previously shown as cross reactive89 as well as probes that overlap with known 
single nucleotide polymorphism (SNP) sites using the 1000 genomes project population 
as reference90, 91. We will also require at least 95% CpG coverage per sample and 70% 
sample coverage per CpG sites. We will use Bioconductor package wateRmelon to 
correct for the type I/II probe bias92.  

 2) Whole transcriptome sequencing 

To obtain a comprehensive picture of the transcriptome, including protein-coding genes, 
ncRNAs and small RNAs, we propose the use of the directional RNA-seq assay. RNA-
seq has several advantages over microarrays, including its high reproducibility in 
biological samples, the potential for an unlimited dynamic range of expression, and not 
requiring predefined regions of expression or splice variants. The External RNA Control 
Consortium (ERCC) spike-in reagent available from Ambion will be used in all 
experiments to help control for variability between runs. In case of limited starting 
material, we will implement an ultra-low input protocol that allows for library preparation 
with as low as 1,000 cells. Library preparation and sequencing will be performed 
through the LIGAN platform. As a result, the assay provides with a comprehensive 
picture of the transcriptome, including protein-coding genes, ncRNAs and small RNAs. 
After sequencing of the mRNA-enriched library, RSEM will be used to calculate the total 
counts at each human gene, and the Bioconductor package DESeq will be used to 
compare relative expression between our groups. qRT-PCR will be used to validate 
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specific gene expression changes identified with RNA-Seq. 
 3) ATAC-seq 

We propose to use the ATAC-seq assay93 to define loci with open chromatin, providing 
a comprehensive mapping of the cis-regulatory landscape in each of the samples. This 
assay is technically straightforward and in our hands has worked robustly with as few as 
1,000 cells. ATAC-seq generates inserts of different sizes, which when plotted show a 
large fraction of shorter inserts, and then a periodic pattern that reflects transposase 
insertions spanning 1, 2 or more nucleosomes. This will be generated as part of the 
routine analytical pipeline as a measure of the assay's success. Otherwise, we will 
apply the ENCODE quality metrics for chromatin immunoprecipitation followed by MPS 
(ChIP-seq)94, including the FRIP (fraction of reads in peaks) as a valuable measure of 
signal/noise in the assay. The output will be peaks called using MACS295, representing 
the sites of open chromatin and likely cis-regulatory elements in the genome of the cells 
studied that will be later integrated with the DNA methylation datasets to prioritize 
genomic regions where a change in DNA methylation is more likely to drive further 
consequences.   

 4) Integrative Analysis 

One of the major challenges remaining when studying genome-wide epigenetics and 
transcriptomics is being able to extract meaningful information from the considerable 
amount of data generated. Identification of differentially methylated loci and differentially 
expressed gene will rely on a comparative analysis based on exposure (control vs 
LGA), on sex (male vs female) and the interaction between sex and exposure. To do so, 
we will use linear regression models as implemented in Deseq2 (gene expression) and 
in Limma (DNA methylation). Before analysis, potential confounders will be identified 
using Principle Component Analysis (PCA). PCA allows for the assessment of variability 
across samples and association with known confounders including batch effect, 
biological (sex) and technical cofactors.  
To identify pathways altered by exposure or sex with implications in age-related 
diseases, we will use SMITE a discovery platform to integrate multi-level genomic 
observations developed during my fellowship96. Integrative methods, like Functional 
Epigenetic Modules (FEM), often score genes within a network and identify 
subnetworks, referred to as modules, but they lack an implemented method to define 
further functional interpretability an essential outcome of genomics experiments. 
Therefore, we designed a flexible method for integrating multiple genomic assay 
datasets into a single score that can be used to identify functionally important pathways. 
Here, we propose to compute together our datasets of effect and statistical test 
significance from DNA methylation, ATAC-seq profiles and gene expression profiles, 
after correction for cell-type composition, with the list of CD34+ cell-specific genomic 
intervals of interest (e.g. promoter, enhancer) previously defined using publicly available 
ChIP-seq datasets as described in our related publication. The identified modules will 
represent highly confident and specific regulatory pathways involved in extreme fetal 
growth consequences and annotation using the curated literature resources such as 
Kyoto Encyclopedia of Genes and Genomes (KEGG)97, Reactome98 and the Gene 
Ontology consortium99 will identify associated biological processes. 
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Aware of the predominant role of transcription factors in mediating the alterations of 
transcriptional regulation, we will assess the overlap between our candidate 
differentially methylated loci and transcription factor binding sites using a permutation 
approach and the ENCODE Factorbook repository. 
In parallel, to assess CpG with cis-regulatory effect, we will identify changes in CpG 
methylation that are associated with changes in expression implementing our eQTM 
approach previously developed with our placenta cohort.    

 5) Significant outcomes 

Using our genome-wide approach we will define patterns of correlation between 
methylation and expression specific to the HSPCs. Thus providing with a list of 
epigenetic targets able to affect expression and likely to play a role in the programming 
of disease sensitivity. With our integrative approach, we will link our target with specific 
pathways thus allowing to select sites with influence on the ontogenesis of the range of 
metabolic and age-related diseases. The epigenetic and genetic aspect of such target 
could be later assessed through (epi)genome editing technology. We hope to identify 
targets with influenced in stem cell abilities, thus, validating our previous finding and 
supporting our ongoing hypothesis. As mentioned earlier, data integration is still quite a 
challenge, as the respective influence between the different layers of the regulatory 
landscape is unclear. This is why, a lot of efforts are devoted to the development of 
better integration tools, our work will then represent a great opportunity to participate to 
this effort, especially, considering the resolution and the added value of the functional 
characterization of our model.  

B) Characterization of the impact of excessive fetal growth on 
subpopulation distribution of hematopoietic stem and progenitor 
cells. 

We will use novel single-cell transcriptome approach to quantify multipotent progenitor 
HSPCs subpopulation and evaluate lineage skewing 1) from umbilical cord blood of 
infants with excessive fetal growth, compared to proportions in appropriately grown 
infants, and 2) from male to female in control, in LGA and looking at the interaction 
between sex and exposure. 
Multipotent progenitors HSPCs represent a heterogeneous cell type, as discussed 
above. Subpopulations can be further characterized using cell surface markers but a list 
of complete markers is still missing100. Also, cell type classification based on cell 
markers may not reflect the entire diversity of cell subpopulations present as it relies on 
the detection of a predefined common marker. The recent development of single-cell 
technology has confirmed this discrepancy between cell surface marker and actual cell 
subpopulation at the transcriptome level with sorted cells still representing a compilation 
of signals101. This is why being able to deeply characterized the repertoire of 
subpopulations composing the multipotent progenitor HSPCs population using single-
cell technology will allow us (1) to generate an exhaustive catalog of subpopulations 
and (2) to uncover shift in cell subpopulation that could not have been detected by 
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traditional method. Precise quantification of cell subpopulations will be further utilized to 
correct for cell subtype distribution in our methylome and transcriptome datasets. 

 1) Cell subpopulation identification (single-cell RNAseq) 

Individual cells are the natural unit in biological systems, but conventional methods for 
profiling the molecular content of biological samples usually involve samples with 
complex mixtures of subtypes, masking the effects of cell subtype heterogeneity. 
Experience with blood cells indicates that purification to homogeneity with cell surface 
markers yields cell populations in which heterogeneity is apparent using single-cell 
RNA-seq102. We have therefore chosen to exploit single-cell RNA-seq to characterize 
CD34+ multipotent progenitor stem cell subtype heterogeneity in this project. A 
technology that I have been developing and promoting on campus since my installation. 
These efforts have been concretized through the acquisition of the 10X Genomics 
controller platform (Figure 7). 

 
We aim to collect for each sample ~6,000 viable cells, which would allow us to get 
single-cell transcriptional profiles from ~3,000 cells. Each cell will be sequenced at a 
depth of 50,000 reads, as is recommended by 10X Genomics for adequate 
subpopulation identification. Libraries will be created in our lab using Chromium 10X 
system, a technology designed for highly parallel genome-wide expression profiling of 
individual cells using nanoliter droplets, as detailed extensively in Zheng et al. 103. A 
single-cell suspension and uniquely barcoded beads are co-flowed in a microfluidic 
device in aqueous flows. Each bead is coated with multiple DNA primers, containing a 
PCR handle sequence, a cellular barcode, a unique molecular identifier (UMI) and a 
poly-T region. The cell barcode consists of 16 bp and is identical across the primers of 
the same bead. The UMI, however, is different from primer to primer on the same 
beads, ensuring that each sequenced transcript could be traced back to one source to 
remove PCR duplicates. The assays are designed to sequence up to 10,000 cells per 
sample. After droplets are generated, and the RNA of the cell attaches to the bead, the 
droplets are broken, and the beads undergo subsequent processing. First, reverse 
transcription combined with template switching transcribes a DNA molecule that is 
flanked on both ends with the same PCR handle. Second, excess primers that have not 
captured transcripts are digested, to avoid amplification of empty strands. Beads are 

Beads

Cells Oil

10X Platform

Poly(dT)VNUMI

Cellular
Barcode

Library Preparation Sequencing Cell clusters
identification

Figure 7: 10X Single Cell transcriptomic workflow. 
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then counted and apportioned (~2,000 beads in a PCR tube), and an appropriate 
number of PCR cycles is chosen such that we end up with cDNA at a concentration of 
400-1,000 pg/ul, as analyzed by the Agilent BioAnalyzer system. Once cDNA quantities 
are measured and diluted, the library is prepared for sequencing using Illumina Nextera 
XT kit and sequenced through our sequencing platform. Our bioinformatics team 
through the Cell Ranger pipeline will perform primary data analysis.    
The alignment and basic QC of the resulting sequencing data will be performed as for 
bulk RNA-sequencing data using STAR104. We will first perform standard QC by 
removing cells with <200 genes and genes expressed in <3 cells in each sample. For 
each sample, we will analyze the number of cells, the distribution of numbers of genes 
per cell, number of UMIs, and percentage of UMIs mapping to mitochondria, and other 
metrics and remove outlier samples. We will regress out technical and unwanted 
biological sources of variation such as mitochondrial gene expression and cell cycle 
variability. We will perform dimensionality reduction by PCA and identification of highly 
variable genes, first separately for each sample to verify that the patterns are 
comparable. Subpopulation clusters will be defined using a Euclidean distance matrix 
based on PCA and iterative graph-based clustering as implemented in Seurat. Finally, 
each cluster will be characterized using highly expressed genes specific to each cluster.  
The Seurat software was recently optimized to handle subpopulation across datasets or 
conditions adequately. Traditional workflows struggle with the integration of datasets, 
limiting the possibility for comparative analyses. The response to a stimulus causing cell 
type-specific gene expression changes makes a joint analysis of all the data difficult, 
with cells clustering both by stimulation condition and by cell type. Therefore, Seurat 
proposes an alignment strategy to perform integrated analyses and promotes the 
identification of common cell types to enables comparative studies. The data integration 
performed by Seurat allows the user to identify cell types that are present in each 
dataset, to obtain conserved cell type markers and, finally, to compare datasets to find 
cell-type-specific responses to simulation. This approach has been previously described 
105. Summarizing the alignment procedure, the union of top 1,000 genes with the 
highest dispersion is selected from the different datasets. Canonical correlation analysis 
is run to identify common sources of variation between the datasets, an approach that is 
similar to the more commonly used principal component analysis. As one does with 
principal component analysis, the component accounting for the most variability is 
further integrated into our downstream analysis. With this new dimension, we can now 
perform integrated analysis on this corrected datasets. For the final clustering of the 
cells across conditions, we pool all the samples together to obtain a maximum 
resolution. From the resulting clusters, we quantify the frequency of each cell type in 
each sample and follow the dynamic of the distribution with respect to the early 
exposure (LGA vs control) and sex (female vs male). To identify canonical cell type 
marker genes that are conserved across conditions, we will perform differential gene 
expression testing for each dataset/group and combines the p-values using meta-
analysis methods from the MetaDE R package. We can then explore these marker 
genes for each cluster and use them to annotate our clusters as specific cell types.   
Because we are confident in having identified common cell types across conditions, we 
can then ask what genes change in different circumstances for cells of the same type. 
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Using this Seurat approach, we propose to compare cell subpopulations between LGA 
and Control as well as Female and Male. The differential analysis will be performed 
using a Chi-squared test based on the normalized number of cells in each cluster 
between conditions. We will be able to identify (1) differences of cell subtype 
distributions between the conditions, and (2) differential gene expression for a subset of 
transcripts within each defined cell type.    
The patterns of gene expression in the cell subtypes identified will be later used to 
measure the cell subtype proportion changes from bulk RNA sequencing utilizing a 
deconvolution approach 106. Such a method aimed to accurately and comprehensively 
estimate the relative abundance of cell types within a bulk sample based on the cell-
type-specific gene expression signature define through clustering analysis. Briefly, 
based on the reference signature, simulated datasets are generated using random 
distribution coefficient (average gene expression per subpopulation x percentage of this 
subpopulation). The error between simulated data and the observed bulk data is 
estimated using a weighted least squares approach. Permutations stop when the best 
model is achieved (when the error between simulated versus observed data is not 
improved) and distribution coefficient representing the relative abundance of the 
different cell type is defined.  

 2) Significant outcomes 

We expect here to define cell subpopulation at a molecular level offering an alternative 
to the classical cell marker approach. Because of the increase resolution inherent to our 
method we are confident that we will better depict the dynamic in subpopulation 
distribution associated with in utero exposure and the influence of sexual dimorphism. 
By following the shift in cell subpopulations and by correcting the comparative analysis 
of aim 1 using the cell distribution information, we will dissociate cellular reprogramming 
from cell subpopulation distribution. This will also allow us to identify particular cell 
subpopulation with greater sensitivity which will lead to the discovery of more targeted 
mechanism to approach age-related diseases. Finally, if as we believe in utero 
exposure is responsible for a shift in cell subpopulations at the stem level, it introduces 
the interesting concept of cell competition as a mechanism for disease etiology. Studies 
initiated in Drosophila have revealed that cells are continuously comparing themselves 
with their immediate neighbors and adjusting their behavior accordingly107. Subsequent 
works have established the basic rules for cell competition and expanded to different 
organisms108 with now cell competition being considered in cancer research109. 
Therefore, by integrating subpopulation specific methylome and dynamic of distribution, 
we will be able to identify epigenetic mark link to better fitness leading to a new highly 
specific target for drug discovery.  

C) Assessment of stemcell abilities in early hematopoietic progenitor 
cells.  

Appreciating cellular phenotype of CD34+ HSPCs will provide essential insight into the 
hematopoietic compartment core function and its involvement in the disease process. It 
will also help to identify mechanisms that are affected by changes in the regulatory 
landscape, thus, supporting or not our integrative analysis. Clinically, cord blood-derived 
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CD34+ cells are used for stem cell transplants and can reconstitute the whole 
hematopoietic system. Certain subtypes of circulating CD34+ HSPCs also play a key 
role in maintaining the intravascular endothelial layer. In adults, CD34+ cells, in 
particular, may mitigate the risk for cardiovascular disease. Circulating bone marrow-
derived CD34+ progenitors are recruited to sites of endothelial injury110 and defects in 
the migratory and integrative capacity of these progenitors are linked to hyperglycemia-
related endothelial dysfunction111. After exposure to sub-optimal intrauterine conditions, 
such as maternal hyperglycemia, the total number of endothelial progenitor cells, 
marked by CD34+ cell surface antigen, from cord blood is reduced24, 25. In aggregate, 
these suggest a correlation between environmental exposure, alteration of HSPC core 
function and metabolic diseases, validating CD34+ HSPCs as a relevant model to study 
long-term consequences of early exposure.  
Our published work112 identified pathways linked to proliferation and self-renewal of 
stem cells (e.g. Hedgehog signaling pathways) as enriched in loci which are 
differentially methylated in cord blood CD34+ cells comparing LGA to control neonates 
with greater impact for female LGA. We will evaluate proliferation/differentiation 
potential and self-renewal abilities of multipotent progenitor HSPCs from umbilical cord 
blood of infants with evidence of excessive fetal growth and healthy, appropriately 
grown matched control samples using in vitro assays. We will focus on describing the 
influence of early exposure and sex in stemness of HSPCs. For the first time, we will 
link nutrient exposure with epigenetic and transcriptional changes that may have long-
term consequences for HSPC phenotype and function. 

 1) In vitro Differentiation and Self-Renewal Assays  

We will evaluate progenitors with multi-lineage differentiation potential and limited self-
renewal capacity in vitro using the colony-forming unit (CFU) assay. Observing 
differences in colony number and proportion of colony types produced would suggest 
changes in differentiation due to exposure to excess nutrients or sexual dimorphism. 
Isolated multipotent progenitor HSPC (Lin- CD34+ CD38-) from male and female control 
as well as LGA neonate will be plated in a single cell suspension in semi-solid medium 
supplemented with cytokines for lineage differentiation support. After 14-16 days of 
culture, colonies will be counted and classified based on morphological features to 
determine the cell types present in the starting cell population113. For better 
characterization of the different cell types, we propose to implement flow cytometry 
using resuspended colonies after expansion and a cocktail of well-defined cell surface 
markers114 to differentiate long-term HSPC (HSC, Lin- CD34+ CD38- CD90+), short-
term HSPC (MPP, Lin- CD34+ CD38- CD90-), common myeloid progenitors (CMP, Lin- 
CD34+ CD38+ CD123+ CD45RA-), granulocyte-monocyte progenitors (GMP, Lin- 
CD34+ CD38+ CD123+ CD45RA+) and megakaryocyte-erythrocyte progenitors (MEP, 
Lin- CD34+ CD38+ CD123- CD45RA-). Lymphoid lineage differentiation will not be 
assessed as no commercially available medium supports lymphoid differentiation for 
HSPCs. Ten separate experiments by group and by sex, each done in triplicate, will be 
performed and the means with standard deviation will be analyzed for statistical 
significance with Student t-test. 
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Preliminary data, based on comparison of four samples from LGA and control groups, 
suggest that exposure to excessive nutrients not only diminishes progenitor cells 
compared to controls (Figure 8A) but also affect the phenotype of the colonies with 
colonies being substantially smaller in LGA compare to control (Figure 8B). 

 2) DNA damage 
Alterations in the cell cycle and decreased proliferation can also be due to an increase 
in DNA damage in cells. To evaluate DNA damage or impairment of DNA repairs 
mechanisms, we will use the comet assay and measure the presence of γH2AX by 
Western blot in isolated multipotent progenitor HSPC (Lin- CD34+ CD38-). The comet 
assay is based upon the ability of denatured, cleaved DNA fragments to migrate out of 
the nucleoid under the influence of an electric field. Undamaged DNA migrates slower 
remaining within the confines of the nucleus when a current is applied115. By measuring 
the dispersion of the fragments (n=1000 cells/samples in triplicate, 10 samples per 
group/sex) we will assess the level of DNA damage within each cell. Phosphorylation of 
the histone H2AX is concomitant with double-stranded DNA breaks. The detection and 
visualization of γH2AX (n=10/group/sex) allow the assessment of DNA damage, related 
DNA damage proteins, and DNA repair116.  

 3) Significant outcomes 

Stem cell unique ability relies on its capacity to self-renew, proliferate and differentiate. 
Aging, age-related diseases or cancer recapitulate alterations of these properties. 
Impact on proliferation, differentiation and self-renewal ability will be measured using 
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CFU assay. Being able to identify a decrease in progenitor cell will suggest a loss of 
self-renewal ability or an increase of differentiation potential that are both common to 
the aging of the stem cell compartment. As there is no report of sex-specific malfunction 
of stem cells property in basal conditions, we are not expected here to find major 
differences between male and female control, however, we are expecting to detect sex-
specific alterations after early exposure when comparing male control to male LGA and 
female control to female LGA. Sexual dimorphism after exposure will reveal a difference 
in adaptability potential in one or the other gender and maybe link to a later disparity in 
disease outcome. By running this intensive characterization of multipotent progenitor 
HSPCs in our groups we believe that we will be able to demonstrate alteration of core 
functions of the hematopoietic compartment such as lineage skewing within CD34+ 
cells, lost of proliferation and differentiation abilities as well as increase DNA damage in 
multipotent progenitor cells and validate the advanced aged-like phenotype in LGA 
samples suggested by our epigenetics data. We also hope to link the sex-specific DNA 
methylation changes previously reported to functional consequences that will participate 
in our understanding of the observed difference in prevalence between male and female 
for metabolic and age-related diseases. 
We anticipate being able to correlate our different observations toward a clear 
phenotype. However, if the outcomes of the in vitro assays are not consistent we 
propose to use an in vivo approach. This alternative would involve xenotransplantation 
and allow us to investigate the properties of proliferation and differentiation in a more 
comprehensive manner. Indeed, we will not only focus on the myeloid compartment but 
also measure the impact on the lymphoid one. Briefly, human HSPCs will be engrafted 
in immunodeficient mouse, then, HSPCs subpopulations will be assessed using flow 
cytometry and our cocktails of markers, adding to the one previously cited the markers 
for common lymphoid progenitors (Lin- CD34+ CD38+ CD10+ CD45RA+).  

D) Perspectives  

Epigenome and genome-wides studies are a very powerful tool when used as a 
discovery platform allowing the investigator to assess alterations comprehensively. 
However, meaningful interpretation of these alterations and whether they drive 
functional consequences is still under investigation as the correlation between 
methylation and gene expression can vary depending on the genomic context, cell type, 
sex, and environment. With awareness of these limitations, we propose here a multi-
level analytical approach designed to investigate, in a sex-specific manner, the impact 
of excess nutrient on epigenetic profiles of a crucial stem cell population and the link 
between this new state and functional alteration in these cells. While pursuing on our 
previous finding on sexual dimorphic epigenomic re-programming of HSPCs after 
prenatal perturbations, we define here a new concept where the interaction between 
phenotype and environment is not only depicted by transcriptomic and epigenetic 
modifications but involve changes in cell subtype distribution within a specific cell type 
or tissue. In this model, phenotypic alterations are not solely due to the modification of 
the cell-specific regulatory landscape (including transcriptomic and epigenomic 
regulators) per se but rely on a reorganization at the tissue level. Both scenarios may 
drive a similar phenotypic alteration but will involve different mechanisms, therefore, our 
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ability to consider such a model and to dissociate between cellular reprogramming and 
cell subpopulation effect will have a significant impact on our understanding of disease 
etiology.  
More prospectively, this project will support further investigations. For example, if as we 
believed early exposure is associated with targeted changes in methylation and cell 
subpopulation, it will be extremely valuable to investigate if such response is also found 
in other key developmental tissues. Our ongoing collaborations such as the one within 
the PRECISE or the PACE consortium can give us access to several tissues with the 
relevant clinical and phenotypic information. The placenta will be a great follow up 
candidate. Indeed, placenta alterations are known to sensitize to diseases later in life, 
the placenta is a highly heterogeneous tissue and has been so far understudied. It will 
then be interesting to see if in this model we can also associate cell subpopulation and 
epigenetic modifications to the mechanisms involved in disease susceptibility.     
One of the ultimate goals of our study is to identify key epigenetic markers associated 
with the disease phenotype that show functional relevance. As a next step, we plan to 
focus on epigenetic engineering to create an in vivo model to assess the direct impact 
of methylation reparation on the age-related disease phenotype based on identified key 
epigenetic regulators. Targeted methylation, as well as demethylation, have been 
previously successfully engineered117, 118 using TALE (transcription activator-like 
effectors) technology coupled with DNMT3a-3L or TET1 enzymes in different cell types. 
Targeted engineering is made possible via specific DNA-binding domains containing a 
repeated highly conserved 33-34 amino acid sequence. TALE technology is not unique 
and a lot of interest has now shifted toward CRISPR (clustered regularly-interspaced 
short palindromic repeats) technology as CRISPR DNA-binding domain, also called 
guide RNA (gRNA), is easier to design and synthesize making it more suitable for 
validation of several targets. So, we will propose to apply CRISPR technology 
associated with DNMT or TET enzymes to measure the direct effect of DNA methylation 
changes in gene expression of targets previously identified. Briefly, inactive cas9 
(dCas9) will be coupled to DNMT or TET enzymes and gRNA will be designed to bind to 
specific DNA region where loci methylation profiles want to be modified. Preliminary 
data generated using CRISPR/dCas9 coupled with DNMT3B targeted toward a reporter 
system involving SNAP expression under CMV promoter showed our ability to target 
increased methylation.  
Finally, this project represents a unique opportunity for analytical tool development. 
Indeed, to achieve a comprehensive in silico models as described above the huge 
amount of data is to be generated and integrated from an extensive list of platforms. If 
pipelines are in place for standard analysis, efforts are still needed for better integration 
and visualization tools. Therefore, this project offers a great environment for fellows with 
enough material, tools and supports in place to initiate the project but, still room for 
innovations and self-development opportunities. I believe that we are witnessing a shift 
in our way to conduct research and it's part of our mission to be consistent with these 
changes and offer the expertise that will allow a fellow to be competitive in this fast-
evolving field.  
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Extreme fetal growth is associated with increased susceptibility to a range of adult diseases

through an unknown mechanism of cellular memory. We tested whether heritable epigenetic

processes in long-lived CD34þ haematopoietic stem/progenitor cells showed evidence for

re-programming associated with the extremes of fetal growth. Here we show that both fetal

growth restriction and over-growth are associated with global shifts towards DNA

hypermethylation, targeting cis-regulatory elements in proximity to genes involved in glucose

homeostasis and stem cell function. We find a sexually dimorphic response; intrauterine

growth restriction is associated with substantially greater epigenetic dysregulation in males,

whereas large for gestational age growth predominantly affects females. The findings are

consistent with extreme fetal growth interacting with variable fetal susceptibility to influence

cellular ageing and metabolic characteristics through epigenetic mechanisms, potentially

generating biomarkers that could identify infants at higher risk for chronic disease later in life.
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E
nvironmental factors have the potential for significant
impact on normal development and health throughout the
life span. Suboptimal intrauterine conditions represent a

specific type of environmental exposure that is associated with
increased risk for cardiovascular disease1,2 and premature death
in adulthood3. A substantial amount of evidence has also
demonstrated the relationship between poor maternal nutrition
or low birth weight with a range of metabolic disorders and
obesity in humans4,5 with animal studies further corroborating
these findings6. At the opposite end of the spectrum of extreme
fetal growth, excess nutrition leading to large for gestational age
(LGA) birth weights is associated with similar adult phenotypes,
with increased risk for premature mortality3 and a range of other
age-related diseases7. Fetal growth restriction and over-growth
show a decline in resistance to chronic disease in adulthood and
involvement of multiple organ systems, which is typical of normal
ageing and may represent a precocious ageing phenotype
associated with both extremes of the fetal growth spectrum8.

Adverse exposures appear to be particularly consequential in
early life, possibly due to the rapid expansion of cell populations
necessary for growth, and the dynamism of cellular differentiation
and lineage commitment that occurs during this period of
development. Inherent to the differentiation process is the
modification of transcriptional regulatory patterns. These include
epigenetic regulators that are capable of transmitting newly
established regulatory marks through cell replication9.
Environmentally induced perturbations of the cell’s normal
epigenetic regulatory controls may be maintained in long-lived,
self-renewing cells, maintained through proliferation and
resulting in functional consequences later in life. Although
alterations in DNA methylation has been associated with the
cumulative exposures inherent to ageing10, environmental
exposures early in life may induce addition dysregulation of the
epigenome conferring increased susceptibility for age-related
disease at a younger age.

We11,12 and others13–15 have explored the possibility that non-
random epigenetic changes are associated with intrauterine
growth restriction (IUGR). In studies of disease or phenotype-
associated epigenetic changes, the choice of cell type generally
represents a compromise between accessibility, purity, quantity
and mechanistic relevance. Unpurified peripheral blood
leukocytes have previously been studied in individuals whose
mothers were exposed prenatally to famine. Altered DNA
methylation of multiple sites within the differentially
methylated region of the imprinted Insulin-like growth factor 2
(IGF2) gene was found in subjects decades later13. Cord blood
leukocytes have also been used to demonstrate associations of
DNA methylation with in utero conditions and birth weight15,16.
Another commonly studied tissue type is the placenta, which

functions at the maternal–fetal interface and may be a potential
mediator of intrauterine environmental conditions17–19.
However, testing the placenta does not address the latent risk
in adulthood of chronic disease, which has to be mediated by
somatic cells of the offspring. Furthermore, the use of samples of
mixed populations of cells in DNA methylation studies, such as
those sampled from highly heterogeneous placental tissue, is now
recognized as a major source of experimental artefact that limits
interpretability of results20,21.

We focus on haematopoietic stem/progenitor cells (HSPCs),
purified using the CD34 surface marker to reduce cell subtype
effects20. HSPCs include a subset of long-term, self-renewing stem
cells that persist through the life of the individual22, allowing the
cellular propagation or the ‘memory’ of exposure to temporally
remote suboptimal conditions. The role of CD34þ HSPCs in the
maintenance of vascular integrity23,24 is mechanistically relevant
for the adult phenotype associated with increased risk for
cardiovascular disease4,25. We studied infants born with the two
extremes of fetal growth, IUGR and LGA, compared with control
infants with appropriate weight for gestational age. Owing to the
thorough characterization of CD34þ HSPCs by the Roadmap
Epigenomics Program, we were able to exploit the mapping of
chromatin constituents to define empirically the cis-regulatory
elements, such as promotors and enhancers, specific to this cell
type26 allowing us to interpret changes in DNA methylation at
otherwise unannotated loci in the genome.

Results
Genome-wide DNA methylation profiling. We perform gen-
ome-wide DNA methylation profiling on purified CD34þ HSPCs
from 60 subjects, 20 in each of three groups defined by appropriate
or excessively large or small birth weight and ponderal index for
gestational age and sex (Table 1). The HELP-tagging assay is used
as a survey technique testing B1.8 million loci quantitatively at
nucleotide resolution and including relatively CG dinucleotide-
depleted loci27. This assay generates a methylation score that is
inversely correlated to DNA methylation level, with a methylation
score of 0 indicating full methylation and 100 indicating complete
lack of methylation, based on a normalized ratio between tag
counts generated by the methylation-sensitive enzyme HpaII and
its methylation-insensitive isoschizomer MspI28. Based on quality
control measures (Methods and Supplementary Fig. 1), 993,514
loci are selected for further analyses. Of these, 10,043 loci
are defined as candidate differentially methylated loci using
batch-adjusted significance and degree of methylation difference
thresholds in comparisons of IUGR and LGA infants with the
normal birth weight controls. We observe a global relative
shift towards DNA hypermethylation in CD34þ HSPCs in both

Table 1 | Clinical cohort characteristics.

Cohort 1 Cohort 2

Control (n¼ 20) IUGR (n¼20) LGA (n¼ 20) Control (n¼8) IUGR (n¼8) LGA (n¼8)

Gestational age, weeks 39.3±0.3 38.7±0.4 39.2±0.2 39.1±0.5 38.7±0.4 39.8±0.3
Birth weight, g 3,150±64 2,515±69* 3,996 ±81* 3,150±161 2,498±78w 4,053±67*
Ponderal index, g cm� 3 2.8±0.03 2.3±0.04* 3.2±0.03* 2.8±0.07 2.3±0.04* 3.4±0.07*
% Male 50 50 50 50 50 50
Maternal age, years 24.6±0.9 26.5±1.3 31.1±1.1* 33.1±1.7 27.7±2.6w 31.5±1.6
Pre-pregnancy BMI, kg m� 2 26.6±1.3 25.5±0.9 29.0±1.3 27.0±2.1 26.5±2.8 28.5±1.4
Weight gain, pounds 29.4±2.7 23.0±2.7 29.9±2.1 27.0±5.1 12.7±5.1 24.8±2.9

BMI, body mass index; IUGR, intrauterine growth restriction; LGA, large for gestational age.
Showing mean±standard deviation values.
*Po0.001 compared with Control.
wPo0.05 compared with Control.
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IUGR and LGA subjects when compared with the controls
(Fig. 1a). The clustering of cases (LGA/IUGR) is not uniform,
with a subset of cases clustering with controls (Fig. 1b), indicating
that epigenetic dysregulation does not occur universally as a
response to extreme fetal growth. Although there exists a
subset of common loci altered in both IUGR and LGA
neonates, most of the dysregulated loci are distinctive between
these groups (Fig. 1c,d). We also see an overlap of genes
(as opposed to loci) undergoing differential DNA methylation
(Supplementary Fig. 2).

Sexual dimorphism associated with the extremes of fetal
growth. Sex-specific comparisons for DNA methylation patterns
are shown between control and IUGR and LGA subjects (Fig. 2).
Both IUGR males and females show a shift in DNA methylation
profiles compared with controls, but the number of hyper-
methylated loci is markedly higher in males compared with
females (Fig. 2a). Sex-specific differences are also seen in the
comparison of LGA to controls, with LGA females showing an
increase in the overall number of candidate differentially
methylated loci compared with males (Fig. 2b). These findings
indicate a sexual dimorphism in the epigenetic responses of
HSPCs to the extremes of growth conditions in utero.

Targeting of DNA methylation changes to specific genomic
contexts. Although the consequences of DNA methylation
changes at recognized promoter sequences are generally pre-
dictable, a genome-wide study of this type can generate a majority
of findings in un-annotated genomic locations. To predict the

functional consequences of these candidate differentially methy-
lated loci, we take advantage of the mapping of chromatin
components in CD34þ HSPCs performed as part of the Road-
map Epigenomics Program. The details of this annotation are
described in a separate report26 and involve the use of the Segway
algorithm29 to generate genomic features (Methods) that are then
interpreted using Self-Organizing Maps30. We are thus able to
define candidate promoters, enhancers, transcribed sequences
and repressive chromatin in the epigenome specific to the
CD34þ HSPC population. Every HpaII site is then assigned to a
candidate feature based on its genomic position. The HELP-
tagging assay represents each of the candidate genomic features
(based on 993,514 loci) and the candidate differentially
methylated loci (10,043) are significantly enriched in Segway
features 4 (enhancers, Po0.001) and 6 (promoters, Po0.001),
indicating preferential targeting to transcriptional regulatory
elements (Fig. 3a). We show an example of the mapping of the
one the candidate differentially methylated loci, to the promoter
of the Retinoid X receptor, alpha (RXRA) gene, at an annotated
CpG island, and within the Segway feature 6 annotation
indicating candidate promoter function. The HELP-tagging
derived methylation scores for cases (IUGR and LGA
combined) are compared with controls to demonstrate the
magnitude of the change at this locus (Fig. 3b).

Targeting of DNA methylation changes to genes with specific
properties. We test whether the subset of loci affected by DNA
methylation changes are enriched at a specific subset of genes
characterized by concordance of function of their protein
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(c) Volcano plots of DNA methylation score differences for IUGR compared with control, LGA compared with control and IUGR compared with LGA, based

on 993,514 loci throughout the genome. Differentially methylated loci with P value o0.05 and methylation difference 4|20| are shown in black.

(d) Differentially methylated loci meeting threshold criteria are quantified in a proportional Venn diagram for each comparison.
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products. A candidate differentially methylated locus is linked to
a specific gene if the site is (i) located in proximity to the
transcription start site of the RefSeq gene and (ii) overlapping
candidate regulatory loci (features 4 or 6). We select only those
candidate promoters (feature 6) within ±2 kb and candidate
enhancers (feature 4) within ±5 kb of RefSeq transcription start
sites. Although enhancers can act over substantially longer dis-
tances than 5 kb (ref. 31), we are deliberately conservative in
restricting the distance so that we would be more likely to
associate an enhancer with the gene upon which it exerts its
effects. The resulting list of genes is used to perform a gene set
enrichment analysis (GSEA). Traditional GSEA does not take
into account the physical characteristics of the gene and has
been shown to be biased by factors such as the numbers of CG
dinucleotide sites associated with different classes of gene and
gene promoters32. To address this, the Bioconductor package
GoSeq33 was developed to control for variability of length of
genes. We adapted GoSeq to normalize our data to control for
the number of CG dinucleotides linked to each gene by the
above criteria. Detailed information describing the results of the
normalized GSEA is shown in Supplementary Tables 1 and 2.
Among the different significant pathways from KEGG (Kyoto
Encyclopedia of Genes and Genomes), two pathways of interest
emerge as significant regardless of group comparison: the KEGG
pathways for Maturity onset diabetes of the young, relevant to
glucose homeostasis and Hedgehog (HH) signalling. Both of
these pathways contain genes involved in proliferation,
differentiation and self-renewal capabilities of stem cells.
Permutation analysis was performed to confirm the
significance of these results. Based on the criteria for assigning
HpaII sites to RefSeq genes described above, the HELP-tagging
assay represents 97.6% of RefSeq genes, so we randomly select
from within this group of genes the same number of genes used
to define our pathways, and perform the GSEA analysis 1,000
and 3,000 times to test how frequently the same pathways are
identified as, defining the significance of our detection of these
pathways as Po10� 3. The same pathways are targeted by IUGR
and LGA even when the loci involved are not identical (Fig. 4).
A similar effect is seen for the loci affected differentially between
males and females (Supplementary Fig. 3). These findings
combine to show convergence of dysregulation of the same
pathways by IUGR and LGA and in male and female subjects,

respectively, even though the loci targeted for DNA methylation
changes are not necessarily the same in each group.

Verification and validation. To test the robustness of our
genome-wide technique, we assess the reproducibility of DNA
methylation differences at our candidate differentially methylated
loci using single-locus quantitative validation studies. We first
perform verification studies on samples from Cohort 1, on whom
the genome-wide studies had been performed, testing four loci
selected for differing levels of DNA methylation in 24 subjects. A
strong correlation between bisulphite MassArray and HELP-tag-
ging is found (R2¼ 0.98, Supplementary Fig. 4). In a second,
independent set of CD34þ HSPC samples (Cohort 2) consisting of
eight new subjects per group (control, IUGR, LGA) with equal
numbers of males and females in each group, we perform a tar-
geted bisulphite sequencing (TBS) assay, using bisulphite treat-
ment, targeted PCR and massively parallel sequencing to measure
DNA methylation at 72 loci in the 24 subjects (see Methods and
Supplementary Table 3). The correlations between HELP-tagging
with MassArray in Cohort 1 (R2¼ 0.98, Supplementary Fig. 4)
and with TBS in Cohort 2 (R2¼ 0.72, Supplementary Fig. 5 and
Supplementary Table 3) are both strong. These highly quantitative
verification and validation studies demonstrate the technical
robustness of the genome-wide HELP-tagging assay, as well as the
potential to validate DNA methylation differences, even when
using a new cohort of subjects. Of the 54 candidate differentially
methylated loci from the HELP-tagging group comparisons, we
focus on loci implicated by our GOseq-normalized GSEA results,
using primers for candidate differentially methylated loci proximal
to WNT6 (Fig. 5a) and PTCH1 (Fig. 5b) from the HH signalling
pathway and MAFA from the Maturity onset diabetes of the young
pathway (Supplementary Fig. 6). We find the direction of DNA
methylation changes to be concordant between genome-wide and
targeted assays for all three loci, with statistically significant dif-
ferences demonstrable for TBS data from WNT6 (P¼ 0.023) and
PTCH1 (P¼ 0.014; Supplementary Table 4). We also show the
PTCH1 and WNT6 genes to have increased DNA methylation by
TBS at local cis-regulatory elements in cases (IUGR and LGA)
compared with controls (Supplementary Table 4, Po0.05). Finally,
we interrogate loci associated with genes that are differentially
methylated on average between cases (IUGR plus LGA) and

KEGG: HH (Hedgehog) signaling pathway

Gene associated with IUGR

Gene associated with IUGR and LGA

Gene associated with LGA

PTCH1

KEGG: maturity onset diabetes of the young

PDX1

MAFA

WNT family

HH
homologues

Figure 4 | Network analysis. A network representation of KEGG pathways for (a) Maturity onset diabetes of the young and (b) Hedgehog (HH) signalling.

Nodes are colour- and size-coded based on the association of genes represented by each node with LGA or IUGR, or with both LGA and IUGR.

Edges (solid lines) represent known physical interaction between genes.
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controls in Cohort 1 and previously found to have epigenetic
alterations related to metabolic syndrome and type 2 diabetes
mellitus, IGF2 (refs 34,35) and RXRA36. A positive correlation is
seen between the HELP-tagging and TBS DNA methylation levels,
but the TBS DNA methylation differences between cases and
controls are of insufficient magnitude for statistical significance to
be attributed (Supplementary Table 4). The number of new
samples in Cohort 2 is limited and thus these validation studies are
likely to confirm loci of major effect only. Overall, the TBS data are
concordant with the genome-wide data, indicating that the
conclusions based on the genome-wide results are tenable.

Discussion
Here we show for the first time epigenetic changes associated with
the two very different types of intrauterine conditions reflected by
extremes of fetal growth. All subjects were healthy, full-term
neonates without any anomalies or dysmorphic features that
would suggest an etiology innate to the fetus. We combined birth
weight with ponderal index values to define the distinct groups of
infants at either end of the fetal growth continuum. Both groups
with abnormal growth demonstrate global shifts of increased
DNA methylation compared with appropriately grown neonates.
Although the underlying differences in environmental exposures
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cannot be measured with precision in these subjects, the
intrauterine conditions of those born at the extremes of birth
weight are likely to differ substantially from each other. Despite
this, the DNA methylation profiles of infants at both ends of the
growth spectrum are more similar to each other than to the
control subjects. Several factors contribute to the strength of this
study. First, the two-stage design of this study increases
confidence in our findings. In a recent review of 257
epigenome-wide association studies (EWASs) the median num-
ber of study subjects included was 46, with only about one-third
of studies validating results in a second cohort21. Our technical
verification and then validation in Cohort 2 illustrate the
robustness of the predictions from the genome-wide assays,
increasing confidence in our results. We tested CD34þ HSPCs
as cells with both the long-lived properties and mechanistic
properties in inflammation and maintenance of vascular integrity
that make it a potential mediator of adult disease risks associated
with extreme fetal growth.

We find that IUGR and LGA share a common response with a
tendency towards increased DNA methylation. The targeted loci
show enrichment at candidate cis-regulatory elements and
proximity to genes encoding proteins with functions implicated
in the Maturity onset diabetes of the young and HH signalling
pathways, in both IUGR and LGA subjects despite sharing only a
subset of identical loci undergoing DNA methylation dysregula-
tion. These gene/protein properties are significant when con-
sidered in terms of the adult phenotype associated with abnormal
fetal growth, such as premature glucose intolerance and type 2
diabetes mellitus37. HH signalling is critical for stem cell
proliferation and self-renewal38, is necessary for haematopoietic
stem cell fate decisions39 and may play a critical role in CD34þ

cells reparative contributions after myocardial infarction40.
We also find a sexual dimorphism in the DNA methylation

profiles, with IUGR males and LGA females showing greatest
alterations in global DNA methylation. Some of the large
epidemiological studies that examined outcomes for males and
females separately have found sex-specific differences2,41,42,
although these have not been consistently reported. Results from
other EWAS studying epigenetic responses to adverse intrauterine
conditions have generally presented combined observations for
males and females18,19. Our findings of a global shift towards
increased DNA methylation is inconsistent with findings seen
when the relationship between fetal growth and DNA methylation
of long interspersed nuclear elements (LINE-1) was tested in cord
blood leukocytes15,43 and placenta14. Decreased LINE-1
methylation, which has been associated with genomic instability
and cancer risk44, was found in cord blood from newborns with
low and high birth weight43. The development of adiposity in 5- to
12-year-old boys but not girls has also been associated with
decreased LINE-1 methylation in peripheral leukocytes45. Others
have examined sex-specific changes in association with other
environmental exposures, but these were either in a limited
number of differentially methylated regions46 or global changes
with limited sample size numbers47,48. All of the prior studies
included mixed cell-type samples, which can hamper
interpretation of DNA methylation studies20.

To avoid the possibility of artifactual results stemming from
testing of mixed cell populations, we examined purified cell
samples. CD34þ HSPCs were chosen for their self-renewal
properties that enable them to propagate a cellular memory of
temporally remote events, and for their mechanistically plausible
contribution to the associated adult phenotype, especially the
increased susceptibility to cardiovascular complications. CD34þ

HSPCs play a key role in maintaining the intravascular
endothelial layer. Intimal denudation generally precedes the
development of atherosclerosis49 and HSPCs contribute to repair

after peripheral ischemic injury through differentiation into
endothelial cells50 but may also mediate repair through stem cell
paracrine effects51,52. In adults, circulating numbers of CD34þ

HSPCs have been shown to be inversely related to cardiovascular
disease risk23,24. Furthermore, HSPCs can be induced to
differentiate into multiple tissue types, including those involved
in metabolic regulation53,54. Impaired mobilization of HSPCs
from the bone marrow55 and decreased circulating HSPCs56 are
thought to link metabolic disorders such as diabetes to
cardiovascular disease risk. The effect of ageing on HSPCs
includes reduced self-renewal capacity57,58 and increased
myeloid-biased differentiation57,58, which has been associated
with the increased susceptibility to chronic age-related
diseases59,60. HSPCs from young and old individuals are
similarly effective in reconstituting blood lineages after
transplantation58,61, but aged HSPCs may be less effective at
homing and engrafting at the sites of injury57. The regenerative
potential of haematopoietic stem cells is multifaceted and the
contributing roles of functional defects in the stem cell population
itself versus impairment of the tissue environment are as yet
unknown. Future studies are needed to determine the clinical
impact for stem cell transplantation when using cord blood
samples from these otherwise healthy neonates with abnormal
fetal growth, as our study suggest that HSPCs may decrease their
abilities to renew and differentiate after exposure.

Studying the epigenetic basis for developmental origins of adult
disease poses several challenges because of the inaccessibility of the
human fetus in utero, the lack of tools to measure intrauterine
exposures over course of the pregnancy and the duration of the
time needed to study outcomes that evolve over decades of the
human lifespan. Although no study is without limitations, we
present our work in part as a framework for discussion of the
challenges and considerations when designing EWAS in the future.
Our findings indicate that sex-specific differences should be
examined in addition to a range of clinical phenotypes or
experimental intrauterine exposures in animal models. CD34þ

HSPCs represent a homogenous, accessible cell population directly
relevant to the study of developmental origins of adult disease
given their known involvement in cardiovascular disease risk.
CD34þ HSPCs are also well characterized from a genomic
perspective through Roadmap Epigenomics Program mapping
studies, allowing the investigator to interpret findings in terms of
functional elements in this cell type specifically. Defining the
functional implications of perturbations in the pathways identified
here will be a valuable further avenue of research. Our findings
provide key insights into how seemingly opposing intrauterine
exposures give rise to similar adult phenotypes, through perturba-
tion of DNA methylation converging on common loci or at
distinct loci targeting genes in common pathways. As methods for
design and execution of EWAS become better defined, the
discovery of novel biomarkers that represent cumulative prior
exposures in early life may ultimately provide new tools that
identify at-risk neonates for preventative interventions.

Methods
This study was approved by the Institutional Review Board of the Montefiore
Medical Center and the Committee on Clinical Investigation at the Albert Einstein
College of Medicine and is in accordance with Health Insurance Portability and
Accountability Act regulations. Written informed consent was obtained from all
subjects before participation.

Sample collection. Cord blood from neonates was the source of material for this
study. Biological samples and clinical information were collected (n¼ 84) from
consenting women who delivered healthy infants without any anomalies or
dysmorphic features and following an uncomplicated intrapartum course, without
evidence of fetal distress (normal Apgar scores and cord blood gases without
acidemia). The three groups were comprised of infants with appropriate growth,
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IUGR or LGA (matched for gestational age at delivery and sex). Both birth weight
and ponderal index (a measurement of neonatal weight relative to length) were
used to identify case and control subjects. IUGR and LGA were, respectively,
defined by birth weight and ponderal index values o10th or 490th percentile for
gestational age and sex. Control infants had normal parameters (410th and
o90th percentiles) for both birth weight and ponderal index. Maternal and infant
characteristics are shown in Table 1. Cohort 1 (genome-wide assays) is composed
of 20 samples per group, whereas Cohort 2 (validation cohort, targeted assays) has
8 samples per group, with equal representation between male and female subjects
in all groups.

Isolation of CD34þ HSPCs. CD34þ cells, which constitute approximately 1% of
nucleated blood cells in umbilical cord blood62, were isolated from the cord blood
specimen using an immunomagnetic separation technique. Mononuclear cells were
separated by Ficoll-Paque density gradient or using PrepaCyte-WBC following
which CD34þ cells were obtained by positive immunomagnetic bead selection,
using the AutoMACS Separator (Miltenyi Biotech). This resulted in the isolation of
cells with Z95% purity. We cryopreserved the purified cells in 10% dimethyl
sulphoxide using controlled rate freezing.

Genome-wide DNA methylation assay. The HELP-tagging assay was performed
after isolation of genomic DNA from frozen CD34þ HSPCs, digested to com-
pletion by either HpaII or MspI. The digested DNA was ligated to two custom
adapters containing Illumina adapter sequences, an EcoP15I recognition site and
the T7 promoter sequence. Using EcoP15I, we isolated sequence tags flanking the
sites digested by each enzyme, methylation-sensitive HpaII or methylation-insen-
sitive MspI, followed by massively parallel sequencing of the resulting libraries
(Illumina Technology)27. HpaII profiles were obtained for each sample (n¼ 60),
calculating methylation scores using a previously generated MspI human reference.

Data processing and statistical analysis. DNA methylation scores from 0 (fully
methylated) to 100 (unmethylated) were filtered by confidence scores. These
confidence scores were calculated for each sample based on the total number of
HpaII-generated reads as a function of the total number of MspI-generated reads,
excluding loci for which the confidence score was lower than the expected mean
by locus. To understand the relative effects of known technical covariates acting
on methylation data variability, we performed principal components analysis
(R package princomp) on the DNA methylation score obtained from the pre-
processed data. We fit a linear model for each of the ten principal components as a
function of each covariate, and summarized the data with a heatmap of the
negative log10 P-values of each regression. We found batch effects (date of
sequencing and presence in the same lane of the Illumina machine) to be
significant confounding covariates (Supplementary Fig. 7). We confirmed that the
effect of a global increase of DNA methylation in cases compared with controls
remained after controlling by adjusting P values for the batch covariate.

Candidate differentially methylated loci were identified using analysis of
variance with pairwise two-tailed Tukey-tests when comparing controls with either
IUGR or LGA as well as two-sided t-tests when comparing control/cases to define
locus-specific differences in average methylation between groups. Confirmatory
linear regression of DNA methylation on group adjusting for batch effects was also
performed. Comparisons between control/IUGR, control/LGA and IUGR/LGA
were also stratified by sex. For each comparison, only loci with at least eight
samples from each sex were retained. After confidence score filtering and selection
for a minimum number of observations in each group, the number of testable loci
decreased from 41.8 million to 993,514. We defined candidate differentially
methylated loci to have a difference between mean DNA methylation scores 420%
and a P value o0.05. The necessary amplitude of DNA methylation score
differences was defined using power calculations from a preliminary analysis of a
subset of our samples (five per group). Using the average methylation from the
control group, the standard deviations from each of the three groups and 16
samples per group (our minimum sample requirement per group after quality
control measures), we are fully powered (499%) to detect at least one group
methylation difference 420% at an false discovery rate (FDR)¼ 0.05. To
demonstrate that our technique still exceeds minimum power recommendations
for gender-specific comparisons, we ran simulations of the gender comparisons
with eight samples per group and we were powered at roughly 85% to detect at
least one group methylation difference 420% at an FDR¼ 0.05.

Bisulphite MassArray verification assays. We selected 24 samples from Cohort
1 to test the technical performance of the genome-wide DNA methylation studies, a
verification approach on our original cohort. Bisulphite conversion and MassArray
(Sequenom) were performed63. Primers were designed to cover loci with low,
intermediate and high levels of DNA methylation from the HELP-tagging data
across all samples regardless of group (Supplementary Fig. 4).

Targeted bisulphite sequencing. We bisulphite-converted 200 ng of DNA using
the Zymo EZ-96 Methylation-Lightning Kit. After separate PCR amplification of
individual target regions (primers listed in Supplementary Table 5), we pooled the

amplicons in equal ratios and generated Illumina libraries using robotic automa-
tion (Tecan). In total, 24 libraries were multiplexed on the Illumina Miseq for
250 bp paired end sequencing. Amplicons were selected to be part of our differ-
entially methylated loci, covering the entire spectrum of predicted DNA methy-
lation values (from 0 to 100) and allowing us to validate our specific pathways.

Amplicon bisulphite sequence alignment, DNA methylation calls. Sequence
reads from the Illumina MiSeq were trimmed for adapter sequences and aligned to
the human genome using bsmap (Bisulphite Sequencing Mapping Platform)64

using the default settings, requiring a PHRED score of Z37 during alignment. We
checked for bisulphite conversion efficiency (C-T in CH contexts, Supplementary
Table 6) and quantified the percent methylation for each sample (from 0
(unmethylated) to 1 (fully methylated)) at every CpG in the amplicons using the
methratio tool provided by bsmap. We performed validation on 24 new CD34þ

HSPC samples (Cohort 2 with eight subjects per group).

Genome annotation. We obtained publicly available chromatin immunoprecipi-
tation followed by massively parallel sequencing (ChIP-seq) data from the Road-
map in Epigenomics project for CD34þ mobilized HSPCs from a 33-year-old,
Caucasian female (RO_01549/GSM706857). Annotation of genomic features
consisted of processing raw data provided through http://www.roadmapepigen-
omics.org/ for chromatin accessibility (DNase hypersensitivity) as well as ChIP-seq
data for six histone modifications, followed by the use of the Segway algorithm29 to
predict seven features, interpreted using Self-Organizing Maps30 and RefSeq gene
metaplots to define promoter, enhancer, transcribed and repressed sequences in the
CD34þ HSPCs.

Functional enrichment analysis. To perform GSEA65, we first linked RefSeq genes
to our candidate differentially methylated loci. We filtered these candidate
differentially methylated loci to include only those overlapping candidate
promoters (feature 6) or enhancers (feature 4), thereby enriching for loci with
greater likelihood to have functional consequences. Candidate differentially
methylated loci overlapping candidate promoters within ±2 kb and candidate
enhancers within ±5 kb of RefSeq gene transcription start sites were used to link
DNA methylation changes with specific genes. Differentially enriched pathways
found using a FDR q value o0.05 are shown in Supplementary Table 1. We
validated the KEGG Maturity onset diabetes of the young and HH signalling
pathways (Supplementary Table 2) using the Bioconductor package GOseq33 to
control for bias because of the variation of number of HpaII sites associated with
different genes. As our analyses included a large number of genes, we wanted to test
further the robustness of the enrichment of the two pathways selected, by
generating random data sets using a permutation approach. As our original
analysis was based on the top 2,000 candidate differentially methylated loci from
HELP-tagging assay, we selected 2,000 genes randomly from those represented by
HELP-tagging (97.6% of total) from the hg19 RefGene database (R package
geneLenDataBase, database org.Hs.egREFSEQ2EG) 1,000 or 3,000 times, and ran
the GOseq algorithm on each of these samples. The Maturity onset diabetes of the
young pathway was not predicted in any of the 1,000 iterations, and three times in
the 3,000 iterations, whereas HH signalling was predicted once in the 1,000
iterations and not at all in the 3,000 iterations. We therefore define the observed
enrichment for these pathways at our dysregulated genes to be specific and
statistically significant (Po0.001). We visualize the association of DNA
methylation changes and gene properties using pathways identified from the
KEGG (http://www.genome.jp/kegg/pathway.html). Gene pathways were visualized
in Cytoscape v3.0.2 with edges representing the physical interactions between
nodes (genes/proteins). Node colours and sizes were adjusted to reflect the
enrichment for IUGR or LGA separately or together (Fig. 4), and for sex specificity
(Supplementary Fig. 3). A complete list of genes associated with these pathways is
shown in Supplementary Table 7.
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The mechanism and significance of epigenetic variability in the same cell type between

healthy individuals are not clear. Here we purify human CD34þ haematopoietic stem and

progenitor cells (HSPCs) from different individuals and find that there is increased variability

of DNA methylation at loci with properties of promoters and enhancers. The variability is

especially enriched at candidate enhancers near genes transitioning between silent and

expressed states, and encoding proteins with leukocyte differentiation properties. Our

findings of increased variability at loci with intermediate DNA methylation values, at

candidate ‘poised’ enhancers and at genes involved in HSPC lineage commitment suggest

that CD34þ cell subtype heterogeneity between individuals is a major mechanism for the

variability observed. Epigenomic studies performed on cell populations, even when purified,

are testing collections of epigenomes, or meta-epigenomes. Our findings show that

meta-epigenomic approaches to data analysis can provide insights into cell subpopulation

structure.
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V
ariation in epigenetic marks defines specific cell types in
an organism1,2. Epigenome-wide association studies
examine epigenetic variability within the same cell type

or tissue in different individuals, to assess the role of the
epigenome in those individuals with a specific disease or other
phenotype3–6. In addition to epigenomic variability studied
among different cell types in an individual or that in the same
cell type among phenotypically different individuals, epigenomic
variability occurring in the same cell type among healthy
individuals is also now being studied7–13. The mechanism and
functional consequences of this type of epigenetic variability
remain unclear. Such variability has been found in plants14,15 and
has been described as ‘interindividual’ differential methylation12

occurring at ‘epipolymorphic’ loci that characteristically have
intermediate DNA methylation levels16. The potential for
stochasticity to drive at least part of this epipolymorphism of
DNA methylation has been proposed16, and finds support from
studies of allelic exclusion in the central nervous system of
mouse17, monoallelic expression in neural stem cells18 and
studies of heritability of DNA methylation in cloned ovarian
carcinoma cells19. However, the proportions of genes at which
these stochastic events are implicated is low (1–2%)17,18,
indicating that other processes are likely to be involved.

Underlying genetic polymorphism has been demonstrated to
be a contributor to DNA methylation variability10,12,13,20. Such
genetic effects are unlikely to be the only influence, as
monozygotic human twins12,20 and inbred mice8,21 also
manifest epigenetic variability that cannot be attributed to DNA
sequence differences. Some studies have linked DNA methylation
variation with transcriptional consequences at nearby
genes8,10,12,13. Some of the variability observed in a study of
peripheral blood leukocytes has been explained in terms of cell
subtype effects9, although that study’s quantification of
neutrophil, lymphocyte and monocyte percentages lacked the
finer resolution cell subtype discrimination demonstrated in a
later study to have effects on DNA methylation22. It has been
shown that clinically normal cervical epithelial samples from
women who proceed to develop cervical neoplasia within 3 years
have increased variability of DNA methylation11. Although this
specific example reflects an underlying pathological process,
epigenetic variability has also been proposed to be stochastic
in origin and to influence normal phenotypic variability8.
Supplementation of methyl donors in the diet of isogenic mice
has been observed to increase the variability of DNA methylation
in liver samples, suggesting to the authors a mechanism for
disease or evolutionary selection21. The epigenetic variability
observed in human CD14þ monocytes has been found to
remain over the course of years, despite the short lifespan of these
cells, indicating that the variability is encoded in leukocyte stem
or progenitor cells12. Here we focus on using DNA methylation
assays to define the loci with epigenetic variability in
CD34þ haematopoietic stem and progenitor cells (HSPCs)
purified from neonatal cord blood. We used the results of
chromatin immunoprecipitation sequencing (ChIP-seq) studies
of the same cell type by the Roadmap Epigenomics programme to
annotate the CD34þ HSPC genome empirically, so that we
could define where epigenetic variability occurs in these cells,
gaining insights into why the variability is occurring in seemingly
identical cell types from different healthy individuals.

Results
Identifying variably DNA methylated loci in CD34þ HSPCs.
We used two sources of DNA methylation data, one from the
Roadmap Epigenomics programme, publicly available reduced
representation bisulphite sequencing (RRBS)23 data on mobilized

CD34þ HSPCs from 7 adults, and the second generated by our
group, using CD34þ HSPCs isolated from cord blood from 29
phenotypically normal neonates assayed using the HELP-tagging
assay24. Despite the differences in how each of these assays
measures DNA methylation, both showed increased variability at
loci with intermediate methylation values (Fig. 1), consistent with
previous observations16.

We continued our analyses based on the HELP-tagging data,
which are derived from a greater number of samples and from
neonates, who have less potential for manifesting age-associated
variability than adults25. As HELP-tagging is based on the use of
methylation-sensitive restriction enzymes24, we were able to use
the results from the methylation-insensitive MspI control enzyme
to estimate the degree of technical variability, and a permutation
analysis of the HpaII-derived data also showed enrichment
of the observed variability over expected background levels
(Supplementary Fig. 2a). A number of loci with differing degrees
of variability were chosen for bisulphite PCR, using seven of the
samples that had been tested using HELP-tagging as well as eight
independent samples. These amplicons were combined for each

0.0

0.0

0.2

0.2

0.4

0.4

0.6

0.6

DNA methylation (mean)

M
ed

ia
n 

ab
so

lu
te

 d
ev

ia
tio

n
M

ed
ia

n 
ab

so
lu

te
 d

ev
ia

tio
n

0.8 1.0

0.0 0.2 0.4 0.6
DNA methylation (mean)

0.8 1.0

1.0

0.0

0.2

0.4

0.6

1.0

HELP-tagging

RRBS

Figure 1 | DNA methylation variability is increased at loci of intermediate

methylation. The MAD for DNA methylation values in CD34þ HSPCs

measured by HELP-tagging (top, 29 individuals) or RRBS (bottom,

7 individuals) are shown as a function of mean DNA methylation across all

of the samples tested. Although HELP-tagging usually plots DNA

methylation with a zero value to indicate complete methylation, we inverted

the scale on this occasion to make the two plots comparable. The number
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individual and used to generate Illumina libraries, allowing
targeted massively parallel sequencing of the bisulphite-converted
DNA. The results confirm that DNA methylation variability is
enriched at loci with variability measures above the threshold
attributable to technical variability or chance (Fig. 2b).

Inferring the effects of DNA sequence variability. To test
whether the variability we observed could be accounted for by
genomic sequence polymorphism, we segregated the variability at
loci overlapping common single-nucleotide polymorphisms
(SNPs, minor allele frequencies Z1%, 7.6% of sites tested) from
the remaining majority of the genome. A Kolmogorov–Smirnov
test (K–S test) showed significantly increased levels of variability
of DNA methylation at these polymorphic loci (Po2x10� 16),
indicating that genetic influences are contributing to the varia-
bility observed (Supplementary Fig. 3). There are two ways that
local sequence variability can influence DNA methylation varia-
bility. The site being tested in the DNA methylation assay can
itself be a sequence variant, as cytosine to thymine transitions at
CG dinucleotides represent a frequent source of SNPs due to the
increased mutability of methylcytosine26, leading to the failure of
methylation-sensitive restriction enzymes to cut or the misleading
appearance of bisulphite-mediated conversion at these sites. The
second mechanism is for SNPs in cis to the tested site influencing
DNA methylation, as has previously been shown27. We find that
the K–S test is no longer significant (P¼ 0.1563) at sites tested
even within the immediate flanking 10 bp of the common SNPs
(Supplementary Fig. 3). We infer that although genetic variability
is influential at the tested loci themselves, there exists a
substantial amount of epigenetic variability in the remaining
majority of loci in the genome, and that local genetic
polymorphism is not likely to be the sole cause of the
epigenetic variability observed, consistent with the conclusions
of prior studies8,12,20,21.

Mapping functional elements in CD34þ HSPCs. To determine
whether epigenetic variability was occurring at regulatory sites
with possible functional consequences, we took advantage of
public chromatin mapping data for CD34þ HSPCs generated by
the Roadmap Epigenomics programme (Supplementary Table 5).
The DNase hypersensitivity and ChIP-seq data create combina-
torial patterns that have previously been exploited to define
functional elements in the genome28. We processed the Roadmap
data using an adaptation of an imaging signal processing
algorithm29, to define the locations of chromatin constituents
with minimal data transformation (Supplementary Fig. 4). These
chromatin constituent locations were then used to generate a self-
organizing map (SOM)30, and to map candidate regulatory
elements using the Segway algorithm28 (Supplementary Fig. 5).
The individual Segway features were then overlaid as contour
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Figure 2 | Empirical annotation of the CD34þ HSPC genome based on

chromatin features reveals candidate cis-regulatory element locations.

(a) A contour plot of the regions within the SOM where Segway features 4

(above) and 6 (below) enrich, showing feature 4 to be composed of loci

where H3K4me1 and H3K27me3 occur, while the loci composing feature 6

contain the H3K4me3 and H3K27ac modifications. Consistent with these

findings, b shows feature 6 (red) to be enriched at the TSS for a metaplot

(top) and a heat map (below) of all RefSeq genes, indicating promoter

characteristics, while feature 4 (yellow) flanks this region and is consistent

with enhancers in a poised state. In c, similar metaplot (top) and heat map

(below) representations of the 2-kb flanking CpG islands demonstrate

strong enrichment in feature 4, indicating that these ‘CpG island shores’ in

fact represent candidate enhancers in this cell type.
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plots onto the SOM, which clusters in two-dimensional space loci
with similar genomic characteristics, allowing intuitive
visualization of the major contributors to each feature (Fig. 2a
and Supplementary Fig. 6). Of the multiple chromatin states for
which each feature is enriched, feature 6 has the H3K4me3
enrichment, indicating promoter function, features 4 and 5 both
have marks indicative of enhancer function (H3K4me1 and
H3K27ac, respectively), features 1–3 have the H3K36me3
enrichment typical of transcribed sequences, while feature 0 in
enriched for heterochromatic marks (H3K9me9 and H3K27me3).
We also created a metaplot of these new annotations relative to all
RefSeq genes in the genome (Supplementary Fig. 7), showing that
Segway feature 6 is strikingly enriched at transcription start sites
(TSSs), flanked by enrichment for feature 4 and, to a lesser degree,
feature 5 (Fig. 2b). Features 1–3 are enriched in gene bodies and
feature 0 at intergenic sequences. Statistical testing of the
enrichment of features 4 and 6 in their windows of peak
frequencies compared with their distributions over all RefSeq
genes and flanking regions showed significance (Po0.001 for
each). CpG islands and their immediate flanking sequences have
previously been related to ‘stochastic’ DNA methylation
variability8 and gene expression regulation31. The Segway
annotations demonstrate that although the bodies of CpG
islands are enriched for the candidate promoter (feature 6)
sequences, the ±2 kb flanking region, generally described as its
‘shore’, is strikingly enriched for feature 4 (Fig. 2c). Both achieve
statistical significance (Po0.001) when compared with their
distributions over all CpG islands (feature 6) or flanking regions
(feature 4). Finally, stratifying the RefSeq genes by expression

quartile in CD34þ HSPCs reveals the transcriptional
dependencies of the Segway annotations (Fig. 3). We conclude
that the Segway annotations define candidate promoters (feature
6), enhancers (features 4 and 5), transcribed regions (features
1–3) and repressed chromatin (feature 0) for CD34þ HSPCs.
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Variable DNA methylation is enriched at functional elements.
With the genome annotated for functional elements in a cell type-
specific manner, we then tested the associations between genomic
annotations and the loci with increased variability in DNA
methylation. In Fig. 4a, we show the strongest associations for
highly variable loci within clustered SOM space to be with
H3K27ac, H3K27me3 and H3K4me1. Figure 4b also shows
enrichment of variability at the TSS of RefSeq genes for feature 6
and immediately upstream at feature 4, both significant at
Po0.001. Figure 4c shows enrichment in variability at the
proximal part of CpG island shores for feature 6 and more
extensively into the CpG island shore for feature 4, both also
significant at Po0.001. A complementary SOM analysis using the
published ChromHMM annotations of the human genome32

reveals consistent results (Supplementary Fig. 8). DNA
methylation variability is therefore enhanced at candidate
cis-regulatory sequences (promoters and enhancers) and the
epigenetic variability previously observed for CpG island
shores8,31 is reflective of this general characteristic of enhancers.
Common SNPs are not enriched in density in any of the features
(Supplementary Fig. 9) and therefore are unlikely to be the major
reason for selective enrichment of epigenetic variability in these
specific genomic contexts. If the variability of DNA methylation
occurs at loci with potential transcriptional regulatory properties,
it raises the question of whether variability occurs selectively near
genes with specific transcriptional activities. We find that all levels
of expression have comparable levels of epigenetic variability at
promoter sequences. Genes expressed at the lowest levels in the
genome are those with selective enrichment of epigenetic

variability at nearby candidate enhancers (Fig. 5), a significant
inverse relationship (P¼ 10� 8) using the Jonckheere trend test.

Variable DNA methylation is enriched at haematopoietic
genes. The finding of increased variability at loci with inter-
mediate values of DNA methylation (Fig. 1) cannot be explained
by individual cells having intermediate methylation values, as
DNA methylation is either present or absent on an allele; thus, a
cell can only have 0%, 50% or 100% methylation at a locus with
two parental alleles in a diploid cell. For one individual to have an
intermediate value such as 30% and another 60% methylation at
the same locus, there has to be, within the pool of cells tested,
differing subpopulations of methylated alleles present. The par-
simonious explanation for such allelic subpopulation differences
is that different proportions of cell subtypes are present in the
individuals tested. The CD34þ HSPC is a well-studied cell type,
recognized to have B15 cellular subtypes bearing the surface
marker in different lineages and stages of early haematopoietic
differentiation33. If these subtypes differ in proportion between
the 29 subjects tested, the loci where DNA methylation patterns
are associated with specific CD34þ cell subtypes would be
expected to be the most variable, whereas genes expressed in all
cell types (housekeeping genes) should be invariant in terms of
DNA methylation. We show in Supplementary Table 6 and
Supplementary Fig. 10 that DNA methylation variability at
candidate enhancers is enriched for leukocyte-specific networks
but not housekeeping genes, consistent with a CD34þ cell
subtype model. Candidate promoters, which have comparable
levels of DNA methylation variability at all expression levels
(Fig. 5), have, as expected, equivalent levels of variability for
housekeeping and haematopoietic genes.
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Using variability information to quantify cell subtypes.
Variability of gene transcription levels in cell samples from
multiple individuals has allowed patterns to be identified that
predict the numbers of cell subtypes present. We adapted one of
the approaches used for these transcriptional variability studies,
non-negative matrix factorization (NMF)34,35, to our DNA
methylation variability data to estimate the number of cell
subtypes in our purified CD34þ HSPCs. In Fig. 6, we show the
NMF output to predict B13–20 cell subtypes, consistent with the
B15 distinct types of cells that have previously been described to
express the CD34 cell surface marker33.

Discussion
This study explored the epigenomic variability between normal
healthy individuals occurring in a purified cell type, homogenous
for the same cell surface marker. In common with prior studies,
we found DNA methylation to vary between individuals,
especially for those loci with intermediate DNA methylation
values16, and increased variability at regulatory regions near the
genes expressed at the lowest levels in the genome12. Our
empirically based annotation of regulatory elements in the
CD34þ HSPC genome allowed us to define candidate
promoter and enhancer sites, revealing the latter in particular
to have DNA methylation variability associated with the lowest
levels of gene expression. The genes at which this enhancer-
associated variability is enriched are those encoding proteins with
properties associated with leukocyte function. Because of the
necessity for intermediate DNA methylation values to require
allelic subpopulations with distinct methylation states, we
interpret the epigenomic variability to be due to DNA
methylation-sensitive enhancers changing their epigenetic states
as nearby genes switch their transcription on or off in different
CD34þ HSPC cell subtypes. The presence of differing
proportions of these cell subtypes in the different individuals
studied and the consequent differences in allelic proportions of
methylated DNA at these cis-regulatory sites together drive the
variability observed.

In keeping with this model of allelic and cell-subtype
heterogeneity, the chromatin signature of feature 4, that of
‘poised’ enhancers36,37, is defined by the co-occurrence in the
genome of activating H3K4me1 and repressive H3K27me3
marks. As cells commit to the use of the enhancer, the locus is
activated and marked by H3K27ac accumulation38 and the loss of
H3K27me3 (ref. 36). Implicit in the idea of a poised regulatory
element is its capability to commit to an active or inactive state by
choosing one of two pre-existing states encoded in the
nucleosome, as demonstrated by sequential ChIP experiments
defining bivalent chromatin domains in pluripotent mouse
cells39. Poised enhancers have not been reported to have been
tested by sequential ChIP, making it possible that the activating
and repressive marks are not encoded within the same
nucleosome, but occur on different alleles in the cell population
studied. This would be consistent with the presence of distinct
subtypes of cells within the population tested by ChIP-seq when
defining these poised enhancers. Our finding of variability and
intermediate levels of DNA methylation at these loci with the
features of poised enhancers is suggestive of epigenetic
heterogeneity among the alleles in the cell population. The
presence of the activating and repressive marks of these
enhancers on different alleles would be consistent with a
mosaic model for epigenetic regulatory marks in the
population, rather than a poised state encoded by different
marks within the same nucleosome.

Such a model also suggests that there is a relationship between
DNA methylation and histone states at the candidate enhancers.

One of our findings is that the mosaic candidate enhancers are
enriched at what have been generally described as CpG island
shores, the ±2 kb flanking CpG islands31. One such shore at the
GLT1 gene has previously been found to encode an enhancer that
is, when silenced, enriched in DNA methylation and H3K27me3
but depleted in H4ac40. For this individual example, it appears
that the DNA methylation and histone modifications are
associated with enhancer function, potentially representing
enhancers more generally. The GLT1 CpG island shore
demonstrates co-localization of DNA methylation and
H3K27me3, an association that has been shown to occur
outside but not within CpG islands41,42, using ChIP for
H3K27me3 followed by bisulphite sequencing to detect the
DNA methylation state on the alleles bearing the H3K27me3
nucleosomes. The more general finding that increased DNA
methylation at CpG island shores correlates with decreased gene
expression31 supports a model of these sites representing DNA
methylation-sensitive enhancers where Polycomb-mediated
H3K27me3 modification adds to the silencing of these
regulatory elements.

We conclude that the epigenome of a cell population is, in fact,
a collection of epigenomes, or a meta-epigenome, reflecting the
presence of subpopulations of cell subtypes even in highly
purified cell samples. This study’s use of CD34þ HSPCs was
fortuitous, as this cell type is extremely well studied, and already
recognized to be composed of multiple cell subtypes expressing
the CD34 surface marker33. It is possible that the multipotent
nature of the CD34þ HSPC cells is associated with greater
epigenetic variability than more lineage-committed cell types, as
suggested previously43. The prediction based on the observation
of epigenetic variability in monocytes that HSPCs should be
epigenetically variable between individuals12 is supported by our
findings, although their findings could also be re-interpreted to be
due to the long-term persistence of varying subtypes of
monocytes in their studied populations. We propose that
purified CD34þ HSPCs are not likely to be unique in being
composed of multiple cell subtypes, and that detailed study of any
presumed uniform cell population will reveal subpopulation
heterogeneity. The results indicate that reference epigenomes
based on the analysis of single or limited numbers of samples will
contain epigenetically variable loci at which marks are unstable,
and the co-localization of chromatin states at the same genomic
position cannot reliably be taken to infer the presence of the
epigenetic marks on the same alleles.

We show that the meta-epigenomic structure in the cell
population can be exploited to estimate the number of cell
subtypes present (using an approach such as NMF34,35) and their
functional characteristics (by studying the properties of the genes
located in proximity to the epigenetically variable cis-regulatory
elements). Such meta-epigenomic analytical approaches could
find an early application in cancer research. There are now
consistent observations that epigenetic variability exists within
cancer cells that have been extensively purified from
contaminating cell types44 and even in non-neoplastic cervical
epithelial cells in women who later develop cervical neoplasms11.
These observations have been described to involve ‘stochastic
variation’ of epigenetic regulation44, but the CD34þ HSPC
observations add a further layer of complexity, requiring that we
understand cell-subtype structure within the tested cell
population before we can define any additional epigenetic
variability as stochastic or disease associated. This is a far-
reaching issue, because although there now exist approaches that
attempt to account for cell subtype heterogeneity within mixed
cell populations tested using epigenome-wide assays, implicit in
those approaches is that the subtypes of cells contributing to the
variability can be distinguished histologically or by the use of
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cell-sorting approaches22,45–48. What we show here is that even in
histologically identical sorted cells, there exist subpopulation
structures that continue to influence the results of epigenome-
wide assays, and that the current approaches that rely on the use
of sorted subpopulations of cells potentially do not go far enough
to capture these influences.

The current study also has significant implications relevant to
the interpretation of the epigenome-wide association study
results. If a locus is found to change DNA methylation to the
moderate extent typical of the results of non-cancer disease
studies5, a distinction needs to be made between changes at loci
that are normally invariant between individuals (those at the
extremes of DNA methylation) and loci normally variable
between individuals (intermediate methylation levels). In the
former case, epigenetic changes must be occurring in some cells
within the population studied. Changes at loci that are normally
epigenetically variable may, however, be due to changes in cell-
subtype proportions between the individuals tested and not
involve epigenetic changes occurring in any of the cells in the
population tested. We increasingly recognize the influence of cell
subtypes to be an issue in epigenomic studies of mixed cell types
such as peripheral blood leukocytes22 but the same concern arises
even in purified cell populations, which are likely to have
unrecognized cell-subtype structure. The development of meta-
epigenomics as a field of study is an essential early step towards
improvement of our design and interpretation of the results of
epigenome-wide assays.

Methods
Sample collection. The Supplementary Data section provides greater detail about
the samples and methods used in this study. The sample collection component to
the study was approved by our institutional review board and was in accordance
with Health Insurance Portability and Accountability Act regulations. Cord blood
samples were obtained at the time of delivery of healthy, non-anomalous neonates
with normal growth based on birth weight and ponderal index nomograms
(Supplementary Table 1). CD34þ HSPCs were purified from the cord blood using
magnetic immunosorting, with purity confirmed by flow cytometry.

Molecular assays. DNA from the purified cells was used for DNA methylation
assays, the HELP-tagging assay24 for genome-wide analysis and bisulphite PCR
amplicon sequencing for verification and validation studies. HELP-tagging was
performed on genomic DNA from the frozen CD34þ HSPCs, digested to
completion by either HpaII or MspI, following which the digested DNA was ligated
to two custom adapters containing Illumina adapter sequences, an EcoP15I
recognition site and the T7 promoter sequence. Using EcoP15I, we isolated
sequence tags flanking the sites digested by each enzyme, methylation-sensitive
HpaII or methylation-insensitive MspI, followed by massively parallel sequencing
of the resulting libraries (Illumina Technology). HpaII profiles were obtained for
each sample (n¼ 29), calculating methylation scores using a previously generated
MspI human reference, which was also used to determine the degree of technical
variability in the assay, using three replicates. For targeted bisulphite sequencing,
we bisulphite-converted 200 ng of DNA using the Zymo EZ-96 Methylation-
Lightning Kit. After separate PCR amplification of ten target regions (primers listed
in Supplementary Table 2), we pooled the amplicons in equal ratios and generated
Illumina libraries using robotic automation (Tecan). In total, 15 libraries were
multiplexed on the Illumina Miseq for 250 bp paired-end sequencing. Bisulphite
conversion efficiency was calculated as the per cent conversion of cytosines in a
non-CG context (Supplementary Table 3). Massively parallel sequencing was
performed using the Illumina HiSeq 2000 for HELP-tagging and the Illumina
MiSeq was used for bisulphite PCR amplicon studies.

Measurement of DNA methylation variability. An overview of all of the data
sources, processing and analysis is shown in Supplementary Fig. 1. Variability of
DNA methylation was calculated using the median absolute deviation (MAD)
value, previously used to define variably-methylated regions49. The MAD
calculation is less sensitive to outlying values, giving a more robust and
conservative variance estimate. MAD values were calculated from our HELP-
tagging data (29 neonates) and from RRBS data generated on the same cell type by
the Roadmap in Epigenomics (7 adults).

Verification and validation assays. We performed verification studies at 10
separate loci on 7 of the 29 samples tested using HELP-tagging, and for validation

we added 8 new CD34þ HSPC samples from similarly healthy infants with
normal growth. Using the DNA methylation value for each assayed HpaII locus,
we calculated the MAD of DNA methylation for both validation and verification
data sets, and observed an increase in variability when background technical
variation (defined by control MspI HELP-tagging representations) was exceeded
(Supplementary Fig. 2). The MAD distribution was calculated genome wide, at
HpaII sites overlapping common SNPs (minor allele frequencies Z1%) and at the
10 bp immediately flanking these common SNPs (Supplementary Fig. 3). K–S
testing was performed to measure the significance of differences of distributions
of MAD values.

Chromatin state data analysis. The youngest individual studied by the Roadmap
in Epigenomics from whom RRBS, chromatin and transcriptional studies had been
performed was chosen for further analysis. Wiggle track data representing DNase
hypersensitivity and ChIP-seq for H3K4me3, H3K4me1, H3K9me3, H3K27me3,
H3K27ac and H3K36me3 were collected from the Roadmap in Epigenomics web
resource (http://www.roadmapepigenomics.org/data). All wiggle tracks were con-
verted to bigwig format using the UCSC Genome Browser utility wigToBigWig
version 4 (http://hgdownload.cse.ucsc.edu/downloads.html). Subsequently, the
utility available through the UCSC Genome Browser bigWigAverageOverBed
(http://hgdownload.cse.ucsc.edu/downloads.html) was used to calculate the sum of
the ChIP-seq signals over 100 bp genomic intervals spanning the 22 autosomal and
2 sex chromosomes, a resolution which we believe is sufficient to characterize
chromatin states, being smaller than an individual nucleosome, while usually
including no more than 0-1 HpaII sites per window. ChIP-seq signals summed
over 30,956,785 intervals were generated and formatted in bedGraph format.

The Roadmap in Epigenomics data are provided as raw signals and not as
defined peaks. To avoid imposing excessive processing on these data, we used as
simple and intuitive an approach as possible. The ChIP-seq bedGraph files were
log-transformed to exaggerate highly positively skewed signal density, a
prerequisite for the recursive kernel density learning framework for robust
foreground object segmentation approach29. This image processing technique relies
on removing background until the remaining signal is bimodal and approximately
Poisson distributed. Gaussian kernel density was estimated using the density
function in R, resulting in multiple modes of signal density that are increasingly
smaller. As signal intensity was derived from a ChIP-seq read count, the measure
should be an approximate Poisson distribution, and we aimed to eliminate low-
signal intensity signal modes iteratively. Using the turnpoints function within the
pastecs library in R, we recursively identified the modes of signal intensity and set
signal thresholds based on the maximum mode, which was also generally the
leftmost mode. The algorithm ran until, at most, two signal modes remained and
the resulting distributions were approximately Poisson distributed. The results are
shown in Supplementary Fig. 4, with the stepwise approach for the H3K4me1
signal illustrated as an example of the process.

Annotation of functional elements in CD34þ HSPCs. One hundred base pair
windows were then classified as having the chromatin state or not. Windows of
chromosome 1 were used to train the Segway algorithm28, which then annotated
seven features genome wide. A subset of 100 bp windows containing HpaII sites
tested using HELP-tagging was chosen for SOM construction30. All SOM analysis
was completed using the Java SOMToolbox from Institute of Software Technology
and Interactive Systems at the Vienna University of Technology (http://www.
ifs.tuwien.ac.at/dm/somtoolbox/). Out of 30,956,785 one hundred base pair
genomic intervals, 1,520,684 intervals overlapping 1,696,696 HpaII sites were
chosen to reduce the dimensionality of the data set and greatly reduce the required
computation. An input data matrix was created, where rows represent the
1,520,684 vectors defined by genomic intervals and the columns represent the
observations for the investigated tracks (that is, processed ChIP-seq signal). In
total, two SOMs were constructed, one representing the chromatin states from the
Roadmap in Epigenomics and the other representing the ChromHMM
annotation32, choosing a map size to yield 100–200 interval vectors per map unit to
reduce the required computation while generating maps of sufficient resolution to
aid in further analysis. For all SOMs, the standard SOM algorithm by Kohonen was
employed, using the default SOMToolbox settings of learnrate¼ 0.7 and
randomSeed¼ 11. Java code was implemented over B120 h using a high
performance computing cluster and 100 GB of virtual memory.

We performed an analysis to define CD34þ HSPC genomic annotations using
the Segway genomic segmentation approach28. Using the segway package,
annotations were generated from the seven processed chromatin state signal
bedGraph files. A Segway segmentation of the genome was created by training on
chromosome 1, using the results to annotate the whole genome by requesting seven
labels, allowing each chromatin state signal to vary independently from the others.
Furthermore, we required at least 1,000 bp segments, a 500-bp ruler and a 500-bp
ruler scale, which had the effect of smoothing across the segmentation, which we
found to be excessively sensitive to varied signal at the default settings. Segway was
completed requesting ten simultaneous runs, over which maximum likelihood
estimations regarding chromatin state were performed. Segway code was
implemented using the high performance computing cluster with the training step
taking B72 h and the identify step taking B2 h using 40 GB of virtual memory.
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Mapping epigenetic variability to functional annotations. To interpret
our genomic annotations (Segway features) and epigenomic variability
(DNA methylation MAD values), we created contour plots plotting enrichment
within map units within the SOMs. The enrichment within SOMs was determined
by a proportion test, specifically asking whether the observed proportion of a
feature within a map unit was significantly greater than the expected proportion
given the distribution of Segway features overall. A cutoff of 23.09, the 98.5th
centile of overall MAD, was used to dichotomize MAD into high and low variable
states (for reference, note that ln (23.09)¼ 3.14, the cutoff shown in Supplementary
Fig. 2). From calculated proportions of highly variable 100 bp intervals within the
SOM units, we performed a proportion test, specifically testing whether the
observed proportion of a highly variable interval within a map unit was sig-
nificantly (a¼ 0.05) greater than the expected proportion, given the overall pro-
portion of highly variable intervals. The MASS library in R along with the kde2d
and contour functions were used to represent the density of variability-enriched
map units with a contour plot over SOMs.

We analysed as metaplots RefSeq gene and CpG island annotations, and the
10-kb regions flanking these annotations, allowing us to study the relationship
between MAD values and these genomic elements. The bodies of RefSeq genes and
CpG islands were split into deciles to be able to compare genes of varying lengths,
and the 10-kb flanking region was separated into 100 bp windows. Gene
coordinates were rounded to the nearest 100 bp to ensure that sequences were not
represented twice. Segway features were divided into 100 bp intervals and matched
with 100 bp windows or matched with RefSeq gene deciles, allowing more than one
Segway feature to match a particular window or decile. For each 100 bp window or
decile, the frequency of each Segway feature was calculated and plotted.

Relating DNA methylation variability to gene expression. To test the rela-
tionship of the Segway-derived functional annotations and DNA methylation
variability with transcription, we used the CD34þ HSPC
RNA-seq data from the same individual from whom chromatin data were obtained
(RO_01549, Supplementary Table 4, GEO accession number SRA010036). Of the
17 available RNA-seq runs, we used SRR453391, corresponding to 16,000,000 reads
and 2.4 Gb of sequence. Reads were quality controlled using FASTX-Toolkit
v0.0.13, with fastq_quality_trimmer trimming nucleotides with quality lower than
3 and removing sequences shorter than 17 bp. Reads were aligned to the human
genome using GSNAP version 2012-07-20 requesting at most ten alignments for
multiple aligned reads. SAMtools v0.1.8 was used to convert the alignment to BAM
format. The Cufflinks v2.02 programme Cuffdiff v2.0.2 was used to calculate
fragments per kilobase per million reads values for RefSeq genes, employing
normalization by the upper quartile of the number of fragments mapping to
individual loci and default weighting of multiple aligned reads based on the
number of alignments. Fragments per kilobase per million reads (FPKM) values
were used to separate genes into those that were not expressed (8,963 genes) and
those that were expressed by quartile of expression (7,872 genes per quartile).
Expression information was then linked to the annotated RefSeq gene body deciles
and 10 kb flanking regions, thus allowing the stratification of Segway features
overlapping 100 bp windows and gene body deciles by gene expression.

DNA methylation variability (MAD values), Segway features and gene
expression levels were studied relative to RefSeq genes, dividing the bodies of the
genes into deciles, to allow comparisons for genes of different sizes, and extending
the analysis using the 100 bp windows to flank the gene body 10 kb upstream and
downstream. A similar approach to study the margins and flanking regions of CpG
islands was also performed.

DNA methylation variability tests at functional annotations. We tested whe-
ther the peak loci for enrichment of 100 bp windows for features 4 and 6 reached
statistical significance. The peak window for feature 4 is at � 1,500 bp upstream
from RefSeq TSSs, where it comprises 31.50% of the features (compared with
15.28% genome wide), while feature 6 is at peak enrichment at � 100 bp,
comprising 56.60% of annotated features (compared with 9.27% genome wide). A
one-way proportion test for each feature at the peak locations shows significance
for enrichment for both features (Po0.001). We then tested whether the variability
of DNA methylation at these windows of peak feature enrichment was also sig-
nificantly increased. We compared the MAD values for each feature at these peak
enrichment sites with those values at the same number of windows randomly
selected from either RefSeq genes, showing with a one-way Wilcoxon rank sum test
that variability for DNA methylation at these loci was also significantly increased
for features 4 and 6 (Po0.001). Using the same analytical approach, feature 6 was
found to be significantly enriched within CpG islands and feature 4 in the ±2 kb
CpG island shores (Po0.001). We also tested whether the observed trend of
increased DNA methylation variability at feature 4 associated with decreased gene
expression levels was significant using the non-parametric Jonckheere trend test.
The trend was significant at P¼ 10� 8.

Gene properties associated with DNA methylation variability. To interpret
DNA methylation variability observations, we asked the question whether the
increased variability we observed at candidate promoters and enhancer sequences
(Segway features 6 and 4, respectively) was occurring non-randomly at genes with

known functions. For each RefSeq gene, Segway feature 6 (promoters) overlapping
the TSS and Segway feature 4 (enhancers) occurring within 5 kb flanking the TSS
were isolated. We calculated the median MAD over these features. The MAD over
promoters and enhancers was dichotomized using the 23.09 value (98.5th per-
centile) allowing genes to be characterized as having high and low variability over
both promoters and enhancers. The Broad Institute’s Gene Set Enrichment Ana-
lysis web applet (http://www.broadinstitute.org/gsea/) performs a hypergeometric/
Fisher’s exact test on gene list supplied from the Molecular Signatures Database
v3.1 (http://www.broadinstitute.org/gsea/msigdb/), to identify pathways differen-
tially enriched for high- and low-variability enhancers using an false discovery rate
q-value o0.05 (Supplementary Table 6). We further demonstrate this association
using Reactome pathways isolated through the Pathway Commons (http://
www.reactome.org/static_wordpress/about/ and http://www.pathway-
commons.org). Gene pathways were visualized in Cytoscape v2.8.3 with edges
representing the physical interactions between nodes stored in the GeneMANIA
v3.2 plugin. DNA methylation variability was high for promoters
for both housekeeping (KEGG ribosome) and leukocyte-specific (leukocyte
transendothelial migration) genes at candidate promoters (Segway feature 6),
but substantially decreased or absent at housekeeping and not leukocyte-specific
genes at candidate enhancer loci (Segway feature 4, Supplementary Fig. 11).

Non-negative matrix factorization. To infer the number of cell subtypes present
in the CD34þ HSPC population, we used the NMF approach that has previously
been applied to transcriptomic data34,35. NMF has been employed successfully in
deconvolving gene expression data35, but it has not previously been applied to
DNA methylation data sets. The goal of an NMF algorithm is to deconvolve a
matrix V, a (n� p) matrix, to find an approximation of the matrices W and H such
that:

V � WH; ð1Þ

where W and H are (n� r) and (r� p) non-negative matrices. The rank of the
matrix (r) should be 40 and at least 2, to represent 2 subpopulations. As the
methylation outcome is binary and the existing NMF algorithms allow DNA
methylation to vary without this constraint, the estimated matrix, W0 , may not
be interpretable directly, and improvement of the technique may allow the
methylation pattern of the individual subpopulations to be estimated. We applied
an existing NMF algorithm to understand the presence of subpopulations within
our data set but did not interpret the specific values within W0 , rather we focused
on the difference between the actual and simulated data sets.

Using the R package deconf, we varied the matrix rank and estimated the
matrices W0 and H0 such that:

V � W0H0 ð2Þ
The distance between the original data set V and V0 was calculated as the

Frobenius norm:

V 0 �Vj jj j2F ¼ F ð3Þ
The process was repeated 100 times per value of r, subsetting the data to 10,000

HpaII sites to make the algorithm computationally tractable. A plot of the
distribution of F as a function of increasing r (cell subpopulations) is shown
(Fig. 6). In addition, the distribution of Frobenius norms for each cell
subpopulation was compared with the preceding cell subpopulation with a two
sample t-test, testing for a difference in distribution of Frobenius norms between
successive simulation levels. As estimating additional subpopulations will always
explain additional variability, a smooth spline was fit to the data to look for
inflection points, indicating a local minimum in the Frobenius norm when related
to cell subpopulations.
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Abstract

From genomic association studies, quantitative trait loci analysis, and epigenomic mapping,
it is evident that significant efforts are necessary to define genetic-epigenetic interactions
and understand their role in disease susceptibility and progression. For this reason, an anal-
ysis of the effects of genetic variation on gene expression and DNA methylation in human
placentas at high resolution and whole-genome coverage will have multiple mechanistic
and practical implications. By producing and analyzing DNA sequence variation (n = 303),
DNA methylation (n = 303) and mRNA expression data (n = 80) from placentas from healthy
women, we investigate the regulatory landscape of the human placenta and offer analytical
approaches to integrate different types of genomic data and address some potential limita-
tions of current platforms. We distinguish two profiles of interaction between expression and
DNA methylation, revealing linear or bimodal effects, reflecting differences in genomic con-
text, transcription factor recruitment, and possibly cell subpopulations. These findings help
to clarify the interactions of genetic, epigenetic, and transcriptional regulatory mechanisms
in normal human placentas. They also provide strong evidence for genotype-driven modifi-
cations of transcription and DNA methylation in normal placentas. In addition to these
mechanistic implications, the data and analytical methods presented here will improve the
interpretability of genome-wide and epigenome-wide association studies for human traits
and diseases that involve placental functions.

Author summary
The placenta is a critical organ playing multiple roles including oxygen and metabolite
transfer from mother to fetus, hormone production, and vascular perfusion. With this
study, we aimed to deliver a placenta-specific regulatory map based on a combination of
publicly available and newly generated data. To complete this reference, we obtained
genotype information (n = 303), DNAmethylation (n = 303) and expression data (n = 80)
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for placentas from healthy women. Our analysis of methylation and expression quantita-
tive trait loci (QTLs) and correlations between methylation and expression data were
designed to identify fundamental associations between genome, transcriptome, and epi-
genome in this key fetal organ. The results provide high-resolution genetic and epigenetic
maps specific to the placenta based on a representative ethnically diverse cohort. As inter-
est and efforts are growing to better understand the etiology of placental disease and the
impact of the environment on placental function these data will provide a reference and
enhance future investigations.

Introduction
Functional genomic approaches using combinations of genomic, epigenomic and transcrip-
tomic data can define regulatory landscapes and provide a basis for biomarker discovery and
insights into disease etiology. Advances in sequencing technologies have resulted in a surge in
the number and complexity of multi-omics datasets, providing unprecedented opportunities
to map the regulatory landscape, while imposing substantial analytical challenges. Increasingly,
researchers acknowledge the limited usefulness of genome-wide approaches that examine a
single component of transcriptional regulation in isolation and appreciate the growing impor-
tance of “multi-omic” analyses. Indeed, genomic sequence variation, epigenetic and post-
translational regulators are interdependent and jointly contribute to the normal functioning
or dysfunction of a tissue, calling for integrative approaches to fully appreciate the interactions
between these different layers of regulation.

Originally two main lines of investigation were pursued—association studies and molecular
quantitative trait loci (QTL) analysis. Association studies aim to identify traits associated with
genetic variants (Genome Wide Association Studies, GWAS) and more recently traits associ-
ated with changes in DNAmethylation (Epigenome Wide Association Studies, EWAS). Over
the past decades, thousands of common genetic variants associated with specific diseases or
phenotypes have been cataloged [1–3]. Building on the GWAS model, EWAS rapidly became
a fast-growing area of research [4]. However, these discovery approaches provide limited
insights into causal mechanisms. To address these limitations, QTL analyses have been imple-
mented linking genetic variants with changes in expression (eQTL), DNAmethylation
(mQTL; alternatively abbreviated as meQTL) or other transcriptional regulatory mechanisms.
Catalogs of thousands of tissue-specific and shared regulatory eQTL variants at high resolu-
tion, such as in the Genotype Tissue Expression (GTEx) catalog, provide insights into the
diversity and regulation of gene expression across various tissues [5]. Although cytosine meth-
ylation varies with sex, age or exposure to environmental factors [6] and changes in methyla-
tion patterns have been associated with many common diseases [7], DNAmethylation is also
under strong genetic influence, and locus-specific methylation levels are often correlated in
related individuals [8, 9]. Twin studies provide additional evidence of the underlying genetic
effect on DNAmethylation pattern [9, 10] and it has been estimated that more than 30% of the
methylation variance can be attributed to genotype [11].

More directly, genetic variants and haplotypes have been shown to influence local DNA
methylation patterns, most often in cis. Loci, where DNAmethylation is under genetic control,
are known as methylation quantitative trait loci (mQTL). The physical counterpart of cis-act-
ing mQTLs, which can be directly scored by bisulfite sequencing (bis-seq; methyl-seq) is hap-
lotype-dependent allele-specific methylation (hap-ASM). We (CD, BT) have previously
characterized mQTLs and hap-ASM in multiple human tissue types, including T lymphocytes
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and brain cells, as well as a small series of placentas [12, 13]. In that work, we noted that an
analysis of a larger independent series of placentas was in progress, which is represented by the
current study.

Unlike most other human tissue types, the number of genome-wide–omic level studies
involving placentas is relatively limited with placenta being absent from most initiatives such
as the GTEx consortium or the GWAS database. However, in view of its critical role, there is
growing interest in better understanding the impact of placenta malfunctions throughout fetal
life. During a key developmental window, the placenta controls fetal access to nutrients, hor-
mone production and mitigation of adverse effects from the environment, with placental dys-
function resulting in chronic diseases such as heart disease, type 2 diabetes or cancer [14–17].
Evidence suggests that such perturbations of the intrauterine environment alter the appropri-
ate genetic programming and disrupt placental and fetal development [18–20]. Although there
is strong support for changes in DNAmethylation to be involved, a direct association between
environmental conditions, methylation alterations, and gene expression is difficult to confirm.
The unique function of the placenta is reflected through its unique transcriptome and methy-
lome profiles. In a previous study, Storvik et al. [21] showed a relatively poor correlation in
term of transcriptome between placenta and 34 other tissues based on microarray data with
many mRNA and miRNA species specific to the placenta. Similarly, as previously shown by
our group and others, the mean genome-wide level of DNAmethylation across placentas is
lower than that found in other tissues, with an increased representation of low and intermedi-
ate levels [13, 22]. Such singularities emphasize the need for specific investigations of the pla-
centa regulatory landscape. Along these lines, Peng et al. [23] performed an eQTL study using
159 placentas. They examined correlations between GWAS data and the newly identified
eQTLs and found evidence for eQTLs potentially driving postnatal disease susceptibility, sup-
porting the Developmental Origins of Health and Disease (DOHaD) hypothesis. These find-
ings confirm the need for a thorough characterization of the placenta regulatory landscape,
preferably not limited to genetic variant and gene expression.

Among the potential limitations of mQTL and eQTL studies are subpopulation effects, cell
specificity, genetic background or genomic context, as many factors that need to be accounted
for to achieve reproducibility and accuracy. Further challenges include the integration of mul-
tiple types of data calls for quality control assessments, independent controls for both false-
positive and false-negative findings, and a limited understanding of stochastic variation in the
different signals. Finally, the availability of a reference dataset is key to support ongoing func-
tional genomics analysis. However, the cell dependent aspect of transcriptional regulation
does not allow for direct carryover of findings from one tissue or cell type to another. Lack of
ethnic and racial diversity can also be a limitation, with the most comprehensive studies up to
date involving predominantly Caucasian populations [24–26].

These considerations have motivated the present study where we set out to generate essen-
tial reference data sets of genotypes, gene expression, and DNAmethylation patterns, based on
a representative population of placentas; an understudied yet important tissue. In addition, we
aimed to develop stringent analytical methods to serve as a blueprint for future studies. We
intensively characterized the effects of genetic variation on gene expression (eQTLs) and DNA
methylation (mQTLs) and developed a comprehensive approach to identify methylation-sen-
sitive transcription (abbreviated here as expression-relevant Quantitative Trait Methylation;
eQTM) in normal human placentas. We emphasize technical caveats, independent validations,
and consideration of both false-positive and false-negative findings. Our integrative multi-
omic approach provides a multilayered view of gene regulation influenced by common genetic
variants in the human placentas, thus providing a basis for future advances in individualized
medicine.
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Results
Cohort information
Actual functional genomics studies are suffering from the overrepresentation of Caucasian
backgrounds, which limit the reproducibility of the findings in more heterogeneous and repre-
sentative populations. Aware of this limitation, it was important to characterize the ancestral
history of our population to confirm the mix-population background of our cohort and to
identify outliers that should be excluded from further analysis. We performed local ancestry
deconvolution using PCA analysis based on the reference population using genotype data
from the 1000 Genomes Project from Caucasians (CEU), Africans (YRI) and East Asians
(CHB + JPT). Our data showed a clear clustering to populations, with some enrichment for
mixed populations represented as expected (S1C Fig) validating the use of our cohort as a rep-
resentative cohort for control placenta samples.

To assure the relevance of our human placenta cohort as representative of ‘normal’ individ-
uals, we used quality control measures to assess the impact of variability in the datasets. Sample
heterogeneity was estimated running Pearson’s correlation across expression and methylation
data. Global correlation among our samples ranges between 0.92 and 0.99 for expression val-
ues and between 0.93 and 0.99 for DNAmethylation values (S1A and S1B Fig). As correlation
can be artificially over-estimated when interrogating large datasets with extreme values, fur-
ther analysis aimed at selecting those genes and loci with greater variability. Variability was
estimated using median absolute deviation (MAD) as previously described [27]. After assign-
ing a variability score to each interrogated CpG or transcript, variability was divided using
quartile distribution creating 4 categories: no variability, low, medium and high variability.
Loci and transcripts from the 4th quartile of variability (high) were used to run correlation
using a similar approach and range from 0.75 to 0.96 for expression values and from 0.64 to
0.98 for DNAmethylation values. Principal Component Analysis (PCA) was then used to
describe variability across samples and link variability to known covariates including batch
effects, biological and clinical cofactors. As expected, the batch of sequencing is contributing
to most of the variability in both expression and methylation datasets (S2 Fig). Interestingly,
when focusing on the principal component accounting for most of the variability, we also
found a significant association with preeclampsia status and mode of delivery in both datasets
(S2 Fig). However, our approach still suffers from limitations as it only provides us with infor-
mation on known confounders. For example, even though all samples were taken from the
same region of the placentas (Methods), heterogeneity in tissue composition likely exists and
could influence inter-sample variability but is not reflected in this analysis.

Transcriptome and methylome profiles in human placenta
The placenta presents a unique transcriptome and methylome profile as demonstrated by the
poor correlation in term of transcriptomic profiles between placenta and 34 other tissues
based on microarray data [21]. Among these tissues, the lung was the most like placenta and
liver showed the weakest correlation. Because microarrays do not query the full extent of the
transcriptome, we decided to perform a similar correlation analysis using RNAseq data com-
paring placenta transcriptomes from our study with transcriptomes of the 53 available tissues
from the GTEx consortium. For each tissue, we considered median TPM values across samples
and only processed genes that were expressed (TPM>0.1) across each tissue type. The correla-
tion scores ranged from 0.02 to 0.27 reflecting a high diversity between placenta and the other
tissues (S1 Table). Interestingly, among the tissues overlapping between the GTEx consortium
and the one tested by Storvik et al., we confirmed lung as being closest to the placenta and
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liver to be the one with the weakest correlation. The mean genome-wide level of DNAmethyl-
ation across placentas is lower than that found in other tissues, with an increased representa-
tion of low and intermediate levels [13, 22].

High variability in DNAmethylation has been studied in CD34+ hematopoietic stem and
progenitor cells [27] and proposed as a marker that can help localize key regulatory elements
involve in cell-lineage commitment and cell specific functions. Therefore, we decided to fur-
ther investigate genes with increased variability in expression or DNAmethylation levels
across samples and to look for associated pathways. As described above, gene and CpG were
classified based on their variability across samples using MAD. We then focus on the top 500
variable genes or CpGs and performed pathways enrichment analysis (S2 and S3 Tables). Tra-
ditional gene set enrichment analysis (GSEA) does not take into account the physical charac-
teristics of the gene and has been shown to be biased by factors such as the length of the gene
[28]. To address this, we used the Bioconductor package GOseq [29] developed to control for
variability of the length of genes. For each CpG, the closest associated gene was considered.
For the CpG analysis, we adapted the original version of GOseq to control for the number of
probes by gene instead of gene length, as length is not relevant in this case. Interestingly, in
both datasets, the majority of the pathways (S4 Table) were related to the immune response
involving genes from the HLA family suggesting that heterogeneity among samples could be
driven by a different level of inflammations in each placenta. Looking only at expression data,
the top pathway is KEGG "ECM-receptor interaction". ECM related genes have been previ-
ously associated with placental development [30] and have been shown to be correlated with
oxygen tension and nutrient availability [31]. Therefore, variability in the expression for these
pathway-associated genes may reflect various in utero exposures with impact on placenta
development and potential long term consequences even in the absence of clear phenotype at
birth.

Expression and methylation quantitative trait loci in human placenta tissue
To generate maps of associations between genetic variants and gene expression or CpG meth-
ylation patterns specific to the human placenta, we performed eQTL and mQTL analysis
across 1,374,581 SNPs, 23,003 genes, and 485,578 CpG sites respectively. We focused on iden-
tifying cis-eQTLs within windows of 1 Mb between the gene transcription start site (TSS) and
each SNP. QTL tools identified 28,906 significant associations with 1,916 preserved after per-
mutations, which was further reduced to 985 eQTLs after exclusion of associations that failed
the quality threshold (Methods and Fig 1, S3 Fig). A complete list is of the 985 eQTLs used for
further analysis is provided in S5 Table. For mQTL analysis, we focused on 150 kb windows
(75 kb upstream and downstream of the CpG site) as it has been previously published that
mQTLs correlate best with SNPs within 1–2 kb and that most mQTLs are located within 100
kb in several tissues including placenta [13, 32, 33]. 471,852 significant associations were called
using our pipeline, only 105,031 associations pass the permutation test with 4,342 mQTLs con-
served for further analysis (Fig 1, S3 Fig) after stringent exclusions based on quality threshold
(seeMethods) and potential probe artifacts. The 4,342 mQTL associations kept for further
analysis are recapitulated in S6 Table.

Some genetic variants that appear as individual differences in methylation can act trivially
via SNPs that create or abolish CpGs (CpG-SNPs) [34] or via technical artifacts due to incom-
plete probe binding [34] or probe-cross reactivity [35] referred to here as “at risk-probe”.
Incomplete probe binding may suggest the presence of a genetic variant within the probe bind-
ing site with greater impact in the proximity of the 3’ end of the binding probe with differences
in signal intensity persisting for up to an approximately 20 bp [36]. Therefore, to make our
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lists more stringent, we identified and excluded associations involving probes that contain
known SNPs, along with probes previously identified as cross-reactive. A list of excluded
probes is in S7 Table. As we illustrate by independent validations below, this high level of strin-
gency is expected to reduce false-positives. Additionally, it can simultaneously give rise to
false-negative findings, particularly for loci queried by probes that contain internal SNPs with
modest minor allele frequencies and/or those without strong effects on probe binding, which
can yield accurate readouts in most samples.

By using a reference-based approach, identification of probes sensitive to CpG-SNPs may
be subject to tissue and sample specificity. Recently, a methodology has emerged to identify “at
risk” probes independently of reference datasets, based on a clustered distribution of methyla-
tion scores [36]. Using this approach, the authors were able to identify a significant number of
“gap probes” that largely overlap with CpG-SNP probes. However, as SNP-affected probes can
exist without gap signatures, the implementation of this reference free approach should be
considered in complement with the reference-based approach. To be as inclusive as possible,
we applied the “gap-hunter” [36] approach to our datasets to identify remaining probes and
associations subject to possible technical artifacts. By doing so, we were able to detect 10,971
“gap probes”. From these, 3,235 are overlapping with previously identified CpG-SNPs probes
and 205 with cross-reactive probes. Finally, 432 of the remaining “gap probes” overlap with
our 4,342 mQTL associations and 158 overlap with our eQTM associations. These probes were
not excluded from further analysis but were annotated following the recommendation of
Andrews et al. [36] (S6 and S7 Tables).

Interestingly, after FDR correction, about 22% of the mQTL (23,043 out of 105,031)
involved an association between an at-risk probe and genetic variant. We are aware that this
proportion reflects in part the stringency of our criteria for exclusion. However, these findings
are strong enough to encourage for stringent criteria when running genome-wide analysis. To
take into consideration false-negative results, it is particularly attractive to use annotation
instead of direct exclusion, as we have used previously [13], and in part adopted here.

Fig 1. Identification of eQTLs and mQTLs.Q-Q plot representing expected versus observed significance for the association
between gene expression and genetic variant (A) and between CpGmethylation and genetic variant (B).

https://doi.org/10.1371/journal.pgen.1007785.g001
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Reproducibility of QTL associations
To assess the robustness of our approach we were first interested in looking into the overlap
between our newly identified associations and published data on the human placenta. Because
identification of the causal genetic variant is still challenging due in part to linkage disequilib-
rium, overlaps based on genetic variants are likely to not be as informative. Therefore, we
decided to look at overlap driven by gene or CpG for eQTL and mQTL associations respec-
tively. A recent study published by Peng et al. [23] has identified 3,218 eQTLs associations
based on 159 human placenta tissues. These data represent a unique opportunity to assess data
reproducibility by examining the number of associations preserved across different cohorts.
Our 985 eQTL associations represent 615 unique genes and 62% of them overlap with genes
previously identified by Peng et al. (S8 Table). As noted above, we (CD, BT) previously
reported a list of mQTLs in placentas from a smaller group of samples [13], independent of the
current series. Using more lenient criteria for probe exclusions, we identified 866 mQTLs
(n = 665 with similar exclusion criteria). Among these mQTLs, 319 (~48%) were also found in
the current series, with many of the non-overlapping “hits” reflecting probes on the 450K
methylation arrays that were excluded from the current study (S9 Table). The significance of
these overlaps was further confirmed using a permutation test (n = 1,000). The significance of
the enrichment was defined by the overlap between observed versus expected distribution.
Here, the null distribution represents a random sampling from the total number of annotated
Refseq genes or CpGs interrogated by the Illumina 450K platform. Random permutations
failed to replicate such overlap with a maximum of 17% overlapping genes and 2% overlapping
CpGs. Therefore, we feel confident in the strength of our study and believe that these newly
identified associations represent a solid foundation for further exploration.

After demonstrating a significant overlap for placenta in different cohorts, we were inter-
ested in evaluating the overlap across tissue types. The GTEx Project, assessing and cataloging
eQTLs across more than 40 tissues, is a valuable resource for studying human gene expression
regulation and its relationship to genetic variation across tissue types. However, among the list
of tissues in the GTEx project, the placenta has so far been missing. Therefore, our current
study represents a key opportunity to expand the GTEx exploratory work toward this crucial
fetal organ. To evaluate to what extent the placenta eQTLs replicated the significant SNP-gene
pair eQTLs found in the GTEx study (at FDR<5%) we used the π1 statistic. The π1 statistic
can be interpreted as the fraction of eQTL associations shared between the placenta and the
other tissues available through GTEx. This approach allowed us to identify placenta-specific
eQTLs, and identify tissues with similarity to the placenta in this respect. Levels of significance
were collected across the different tissues for our list of significant eQTL association from the
placenta. π1 value range from 0.31 for the brain cerebellar hemisphere tissue to 0.69 for the
transformed fibroblast cells (S4 Fig, S10 Table). It is interesting to note the absence of interde-
pendence between gene expression correlation and number of conserved eQTLs. Indeed, no
significant overlap was found (Fisher’s exact test, p.value = 0.5935) when overlapping the most
similar tissues to the placenta (n = 10) based on π1 value (S10 Table) with the most similar tis-
sues to the placenta (n = 10) based on gene expression correlation value (S1 Table). Among the
985 eQTL associations identified in placenta, 63 appear to be specific to placenta as not found
significant in any other GTEx tissues (S11 Table). When looking at the genes associated with
these 63 eQTLs we were not able to identify enriched pathways. Unfortunately, similar curated
reference doesn’t exist for mQTL associations with only a limited number of tissue types stud-
ied (brain, blood, lymphoblastoid cells, T-cells and lung [37–42]). Contrary of the GTEx ana-
lytical design, there was no consensus on how associations were defined increasing variability
across studies, a likely confounder when assessing the biological relevance of the overlap.
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Evaluation of stringency thresholds by bisulfite sequencing
In this study, we used a conservative approach to minimize false positive by excluding probes
with potential cross-reactivity or mapping of common SNPs within 20 bp of the queried CpG,
which might affect the probe hybridization. This stringent approach will reduce false-positives,
but it can also lead to false-negative findings in which bona fidemQTLs are discarded. To
investigate this aspect directly, we applied targeted bisulfite sequencing (bis-seq) to assess
allele-specific CpG methylation (ASM), which is the physical counterpart of mQTLs. For this
purpose, we chose three loci that passed our current stringent criteria for inclusion of the 450K
probes and showed mQTLs (ranking from 82 to 1900 in strength, see S6 and S7 Tables), and
four loci for which the probes were excluded by the current criteria but were included by our
more lenient criteria and showed mQTLs in our prior study of the smaller placental series
[13]. While the net methylation at the index CpGs showed more inter-individual variability in
the bis-seq data, the average net methylation matched that observed in 450K arrays (+/- 5%)
suggesting no or mild hybridization issues with the four excluded Illumina probes. Further,
statistically significant ASM, affecting from 22% to 45% of the heterozygous samples, was
found at the amplicon level for all 7 loci (S12 Table and Fig 2, S5 and S6 Figs), thus validating
these loci as genuine mQTLs.

These data indicate that our stringent criteria for excluding Illumina probes, while mini-
mizing false-positives, can also lead to false-negative findings from exclusion of probes that
are, in fact, legitimately informative. Based on these findings, we conclude that an optimal
approach for harvesting and interpreting mQTLs using Illumina arrays is to annotate each
probe as meeting either stringent or lenient criteria for predicted reliability, and include this
information as a descriptor in comprehensive lists of mQTLs. Here we adopt this approach for
reporting mQTLs (S6 and S13 Tables), but for our bioinformatic enrichment and pathway
analyses, we have used only the mQTLs that pass our stringent probe selection criteria.

Characterization of gene expression and DNAmethylation patterns
associated with genetic variants
Characterizing gene expression and DNAmethylation patterns that are influenced by genetic
variants can potentially provide functional information about disease-causing genes and path-
ways. Therefore, we were interested in better characterizing genes (n = 615) and CpG sites
(n = 4,324) associated with eQTLs and mQTLs. First, we aimed to assess correlations between
level of expression or level of DNAmethylation with genetic variants. Genes were first assigned
to different categories of expression from not expressed to highly expressed using quartiles
based on our placental RNA-seq dataset. A similar approach was applied for DNAmethylation
levels. Enrichments for specific quartiles of expression or DNAmethylation were assessed by
permutation as described in Methods. The significance of the enrichment was defined by the
overlap between observed versus expected distribution. In these cases, null distribution repre-
sents a random sampling from the total number of annotated Refseq genes or CpGs interro-
gated by the Illumina 450K platform. eQTL associations were found significantly enriched for
genes with intermediate and high level of expression (Fig 3). Such enrichment has been previ-
ously reported in other tissues than placenta by the GTEx consortium [5]. By comparing the
profile of expression between genes associated and genes non-associated to eQTLs, they
showed a shift toward high expression for associated genes across tissue types. mQTL associa-
tions were enriched for CpGs with intermediate levels of DNAmethylation (Fig 3). This pat-
tern is likely to reflect on the placenta specific methylation profile with enrichment for low and
intermediate DNAmethylation levels. This can also explain the limited range of variation in
DNAmethylation across the different genotypes found in our selected mQTLs (with a
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Fig 2. mQTL validation. Targeted bis-seq data showing Hap-ASM in LRWD1 region. The bis-seq amplicon covers 289 bp
including the mQTL index CpG queried in Illumina 450K BeadChips arrays (cg25932869), as well as contiguous CpGs. Graphical
representation from 3 representative heterozygous placenta samples with hap-ASM is shown. This region overlaps with the common
SNP, rs11761361. Allele A and B are analyzed and represented separately. The SNP dictates methylation level with the alternate allele
(allele B) being significantly hypermethylated compared to the reference allele (allele A), suggesting the presence of haplotype-
dependent ASM in 19 out of 21 heterozygous samples. The low methylated allele is significantly biased toward allele A (p = 10−06,
using binomial test) which ruled out imprinting. The hap-ASM overlaps with an insulator chromatin state (blue) in a NHEK cell line
which suggests the presence of a dynamic regulatory element. For each heterozygous sample, Wilcoxon p value and methylation
difference between alleles were calculated by bootstrapping (1,000 sampling of 20 reads per allele) and are indicated only for
significant hap-ASM defined as the difference in percentage methylation>20%,>3 ASM CpGs, and p< 0.05. One representative
random sample of each allele (20 reads per allele) is shown. mQTL, eQTL, and placenta chromatin states tracks are from our
analyses. The GWAS SNPs track was downloaded from the NHGRI-EBI GWAS Catalog [1], TF ChIP-seq data, DNAse I
hypersensitive sites and cell line chromatin states were downloaded from the ENCODE project [78]. ΔMeth (difference in the
percentage of methylation between alleles in heterozygous samples) andWilcoxon p-values are from bootstrapping.

https://doi.org/10.1371/journal.pgen.1007785.g002

Functional genomic characterization of the human placenta

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1007785 November 19, 2018 9 / 34

https://doi.org/10.1371/journal.pgen.1007785.g002
https://doi.org/10.1371/journal.pgen.1007785


regression slope<5% for 87% of the association). Due to the nature of the DNAmethylation
signal, intermediate levels of methylation are likely to reflect cellular heterogeneity [27]. There-
fore, it is possible that mQTLs associations help to identify genetic variant impacting cell dif-
ferentiation mechanisms, expanding downstream functional consequences associated with
mQTLs.

To lay a groundwork for future studies on disease susceptibility, identification of biological
pathways associated with eQTLs and mQTLs are of interest. In this context, it is valuable to
identify pathways involving genes with greater sensitivity to genetic background. Therefore,
we looked at gene set enrichment for genes associated with an eQTL and the nearest gene
from CpG sites associated with a mQTL using the Bioconductor package GOseq [29]. For both
eQTLs and mQTLs, we found enrichment for inflammation related pathways (S14 Table)
suggesting that the variability captured by our associations may, in fact, reflect different
degrees of inflammatory response across our collected samples. It is also interesting to note
that the enrichment analysis outcomes (S14 Table) rely mainly on genes part of the major
histocompatibility complex (HLA-DRB1,HLA-DBR5,HLA-DQA1,HLA-DQB1,HLA-C).
These genes are known to be highly polymorphic with 13,840 different HLA alleles reported in
the IMGT/HLA database [43] suggesting polymorphism mechanism as a possible bias in QTL

Fig 3. Expression and methylation profiles associated with eQTLs and mQTLs. Enrichment for quartile of expression (A) or
DNAmethylation (B) was assessed using permutation tests. The density plots represent the distribution of overlaps between
random sampling and the different quartiles whereas the red line illustrates the overlap value between candidate associations and
corresponding quartiles.

https://doi.org/10.1371/journal.pgen.1007785.g003
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and GWAS analysis. Finally, we decided to look into the overlap between the gene associated
with eQTLs and gene associated with mQTLs where CpG was associated to the closest gene.
We found 111 genes overlapping between the 2 associations (S15 Table) with pathway enrich-
ment only relying on HLA related genes.

Genetic variants associated with eQTLs and mQTLs
Genomic context is known to play a cell type-specific role in regulating transcription. To
determine whether genetic variation was occurring at regulatory sites, we took advantage of
public chromatin mapping data for placenta generated by the Roadmap Epigenomics Program
(S16 Table). The DNase hypersensitivity and ChIP-seq data create combinatorial patterns that
can help to define functional elements in the genome (S7 Fig) [44]. However, because placenta
specific reference datasets are limited and do not include data from term placenta, we were
compelled to build our genomic annotation based on data from the pre-term placenta which
may affect the accuracy of our annotation especially in a highly dynamic tissue like placenta.
For relative enrichment studies, the observed overlap between genetic variants and a genomic
feature was compared with the expected overlap given the total coverage of the annotation. For
permutation tests, we compared the observed overlap of SNPs significantly associated with
eQTLs (n = 608) or mQTLs (n = 3,022) and a particular genomic interval (for example gene
promoters, CpG islands) or feature from ChromHMM analysis with the distribution of the
same overlap under the null hypothesis.

SNPs associated with eQTLs and mQTLs were enriched in candidate promoters (Feature
1), candidate active and poised enhancers (Feature 2–4) and enriched at regions likely to be
transcribed (Feature 7) (Fig 4A and 4B). When looking at the distribution of the distance
between SNP and gene for eQTL association (n = 985) or SNP and CpG for mQTL association
(n = 4,342), we found enrichment for closest interactions (within 10Kb, S8 Fig) suggesting that
the associated genetic variant has an effect via its presence in proximal cis-regulatory elements.
We then explored the genomic context for CpGs (n = 4,342) associated with mQTLs and
found, as in our previous study of multiple human tissues [13], that they are enriched in candi-
date active and poised enhancers (Feature 2 and 3) (Fig 3C). This finding suggests a possible
cis-regulatory impact of mQTLs on gene expression.

Transcription factor binding sites enrichment analysis
Using combined genetic and epigenetic profiling applied to other human tissues, we and oth-
ers have found evidence that some of the epigenetic effects of genetic variation are mediated
by SNPs in insulator elements and transcription factor binding sites [13, 45–47]. Therefore, we
decided to analyze the impact of genetic variation on the integrity of the binding motif in cor-
relation with predicted binding affinities. Due to linkage disequilibrium, the index SNP may
not be causal, so we decided to also investigate the impact of previously identified SNPs in
proximity to the eQTL and mQTL associated gene TSS or CpG respectively (regardless of their
linkage disequilibrium status). This approach allows us to expand our discovery to transcrip-
tion factors likely to be affected by linked genetic variants. We compared the predicted binding
affinities between the reference and alternative alleles within a window of 39 bp around
each targeted genetic variant using the motif-based sequence analysis tools FIMO from the
MEME suite [48]. To assure the accessibility of the binding site, only those overlapping with
DNAse hypersensitive regions (ENCODE data, release 3) were considered for further analysis.
The analysis was performed at the motif level. The list of altered binding sites was further
pruned down based on 2 criteria (1) the significance of the binding with the reference allele
(q.value<0.05) and (2) the difference in binding affinity between the reference and alternative
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allele. Distributions of the difference of binding affinity between the reference and alternative
sequence were used to define the cutoff for predicted allele-specific binding (difference in
binding >8, S9 Fig). The significance of the alteration from our filter list of genetic variants
and transcription factor binding motif was assessed using atSNP [49]. atSNP performs compu-
tations for between-allele score differences [50] and outputs p.values for each targeted SNP

Fig 4. Genomic annotations of placental eQTLs and mQTLs. Bar graphs representing the observed versus expected ratio for each
feature define by ChromHMM analysis and from Refseq annotations. Grey filling represents enrichment that did not reach
significance (A). Significance was assessed using a permutation test. The density plots represent the distribution of overlaps between
random sampling and the different features whereas the red line illustrates the overlap value between candidate associations and the
corresponding features (B). eQTL-SNP refers to enrichment considering the genetic variant associated to eQTL, mQTL-SNP refers
to enrichment considering the genetic variant associated to the mQTL and mQTL-CpG refers to enrichment considering the CpG
associated to the mQTL.

https://doi.org/10.1371/journal.pgen.1007785.g004
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and selected transcription factor binding motif. The complete list of affected transcription fac-
tor binding sites is in S17 Table.

Interestingly, when looking at transcription factor binding sites associated with mQTLs a
significant number have been previously associated with alterations of the epigenetic landscape
(CTCF, REST, HDAC2, EWSR1, FLI1, SP4/1 and BHLHE40). CTCF (CCCTC-binding factor)
previously identified as associated with mQTLs and haplotype-dependent allele-specific meth-
ylation (hap-ASM) by Do et al. [13] is one of the best documented transcription factors affect-
ing DNAmethylation. CTCF, which acts to anchor high-order chromatin loops and binds at
some of its recognition sites in a CpG methylation-dependent manner, is known to have an
essential role in imprinting control achieving allele-specific gene regulation [51] and CTCF
binding locally influences DNAmethylation [52]. REST (REI-silencing transcription factor)
inactivation has been shown using a transgenic approach to induce de novomethylation and
conversely, the expression of REST was sufficient to restore the unmethylated state of the
DNA sequence bound [52]. Direct association between HDAC2 (Histone deacetylase 2),
EWSR1 (Ewing sarcoma breakpoint region1), FLI1, SP4/1 and BHLHE40 (Basic helix-loop-
helix family member E40) and changes in DNAmethylation have not yet been demonstrated
but they have been previously associated with changes in histone methylation or acetylation
[53–57]. Numerous evidence supports a complex interplay between histone modification and
DNAmethylation (for review [58, 59]). However, if in numerous contexts a bidirectional asso-
ciation between changes in DNAmethylation and histone modifications has been reported,
the exact mechanism involved still needs to be identified. Interestingly, these associations
seemed to not only rely on direct interaction between DNMT enzymes and histone methyl-
transferases but also on the recruitment of a variety of intermediate factors such as member of
the SET domain family (G9a) or member of the Polycomb complex (PRC1) suggesting that a
large number of histone modification factors could indirectly affect DNAmethylation. Among
the different transcription factor binding sites linked to eQTLs, we also found EWSR1, FLI1,
and SP4/1, suggesting that the effect of transcription factors on gene expression may be in part
mediated via epigenetic modifications. This list of transcription factors provides candidate
mechanisms to explain the association between genetic variants and gene expression or DNA
methylation.

Genetic variants linked to eQTLs or mQTLs and association with GWAS
peaks
The GWAS approach identifies disease-related enrichment for specific genetic variants. This
approach has considerably improved marker discovery but, because of linkage disequilibrium
among many SNPs in each chromosomal region, it has a limited ability to pinpoint disease
genes and regulatory sequence variants. “Post-GWAS” approaches that integrate eQTLs and
mQTLs to GWAS datasets can help to overcome these challenges [12]. For our current analy-
sis, we overlapped the genetic variants listed in the GWAS catalog [60] with those associated
with eQTLs (n = 608) and mQTLs (n = 3,022). Only 7 genetic variants associated with the pla-
cental eQTLs were previously found in GWAS peaks. Of these, three validated the previously
reported association between the genetic variant and gene in the GWAS database (S18 Table).
Two mQTLs shared a genetic variant with statistical peaks in the GWAS database (S19 Table).
The GWAS database references a limited number of studies involving trait directly associated
with placenta function or dysfunction. We identified only 2 studies related to preeclampsia
and 6 related to birth weight and none of them appears in the overlaps with eQTLs and
mQTLs. Nonetheless, among these hits, some are found associated with traits that have been
previously linked to fetal growth, like obesity and type II diabetes where the placenta is likely
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to play a role. rs35694355 overlaps with our eQTLs and have been previously associated with
obesity. Interestingly, this genetic variant is associated with CRACR2B gene in the GWAS data-
base but with IRF7 in our eQTL study. Contrary to CRACR2B, evidence for a direct association
between IRF7 and obesity have been shown [61] with IRF7 knockout mouse being protected
from gain weight after high-fat diet exposure. IRF7 is also highly expressed in placenta and it
though to play a role in the immune barrier between the fetus and the mother [62]. Due to the
tight correlation between inflammatory response and obesity, IRF7may appear as a better can-
didate to link rs35694355 with disease sensitivity. From our mQTL analysis, rs623323 has been
previously associated with Type 2 diabetes in the GWAS database. In both datasets, rs623323
was associated with NXN gene. Interestingly in a recent publication, increase of DNAmethyla-
tion and decrease of expression for NXN has been characterized in placenta from women with
diabetes during pregnancy [63] suggesting that the presence of rs623323 may influence suscep-
tibility to type II diabetes via alteration of NXN function thus providing with a great example
of how integrative QTL analysis can provide with evidence to better understand disease
susceptibility.

Relationship of DNAmethylation to gene expression
Being able to establish transcript-CpG specific associations (eQTMs) based on gene expression
and CpG DNAmethylation at a genome-wide scale in a tissue specific manner will signifi-
cantly improve further interpretations of epigenetic modifications when considering their
functional implications. Using our transcriptomic and epigenomic data, we decided to identify
CpG methylation and gene expression with a significant correlation. To do so, we applied a
similar approach to the one used for eQTL analysis. Looking at different combinations of CpG
sites and transcripts with linear regression in a 100 kb window (matrixEQTL), we were able to
identify 55,492 eQTM associations, representing 47,140 unique CpG sites and 14,352 unique
genes. After permutation and quality control, 2,655 eQTM associations remained with 2,538
unique CpG sites and 1,269 genes (S20 Table). 515 associations were located in the sex chro-
mosomes. To make the analysis less computationally intensive, we decided to sample gene
expression profiles instead of CpG methylation profiles during permutation.

A genomic context-dependent correlation between DNAmethylation and expression has
previously been shown [64]. Negative correlation, when an increase in DNAmethylation is
associated with a decrease in expression, was found for CpG sites located in the promoter
region. A positive correlation, when an increase in DNAmethylation is associated with an
increase of expression, was found for CpG sites located in the gene body. We first assessed if
such profiles were also found among our associations. Both negative and positive associations
were enriched for proximal interaction (Fig 5A). We then examined enrichment between our
newly annotated features specific to placenta and our eQTM candidates stratified based on
positive (n = 1,009) and negative (n = 1,646) correlations. We found the negative association
to be enriched for feature 1 (candidate promoter) and 2 (candidate active enhancer) and asso-
ciations with positive correlation to be enriched for feature 5 (Fig 5B). Unfortunately, feature 5
does not show a clear significant enrichment pattern for the interrogated histone marks (S7
Fig). However, looking at the distribution over Refseq annotations, we confirm the enrichment
for gene body region. This validates the inversely correlated relationship between DNAmeth-
ylation and gene expression in promoter regions as well as the positive correlation when tar-
geting the gene body region.

To identify potential mechanisms underlying the correlation between DNAmethylation
and expression, we assessed the role of transcription factors, looking at enrichment for specific
binding sites overlapping the CpG site from the eQTM associations (n = 2,655) using a similar
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approach as described above. The null distribution represents the sampling of CpGs (n =
1,000) from the population of all assayed CpGs overlapping with a specific TFBS. Associations
with negative correlation were found to be globally enriched for transcription factor binding
sites suggesting a general mechanism where increase DNAmethylation at a given binding site
will alter binding abilities and affect transcription. Interestingly, when looking at associations
that showed a positive correlation between expression and DNAmethylation, we found

Fig 5. Placenta-specific genomic annotations of eQTMs. The histogram represents the density of eQTM associations in function of
the distance from transcription start site (TSS) considering positive and negative correlation separately (A). The density plots
represent the distribution of overlaps between random sampling and the different features as defined by permutations tests whereas
the red line illustrates the overlap value between candidate associations and corresponding features (B).

https://doi.org/10.1371/journal.pgen.1007785.g005
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enrichment for only one transcription factor, ZNF217 (S21 Table). The ZNF217 transcription
factor has been previously recognized as a human oncogene and is known to be part of a com-
plex that contains several histone-modifying enzymes strongly associated with gene repression
[13]. Thus, alteration of the binding of this transcription factor is predicted to disturb the for-
mation of a gene repression complex and lead to an increase of expression for the targeted
gene by diminishing its inhibition. There is also evidence for a more distal action of ZNF217
with only 2% of the binding site within a 1 kb distance from TSS [13].

When looking at the pattern for correlation between DNAmethylation and expression, we
identified two distinct profiles. We found eQTM associations with a linear distribution
between methylation and expression representing a range of continuous values for both DNA
methylation and gene expression and, at other loci, associations with a bimodal distribution
with no intermediate values for both DNAmethylation and gene expression (Fig 6). Because
DNAmethylation is a binary variable as mentioned before, having eQTM associations with
bimodal distribution suggest that every interrogated cell within the placenta sample share the

Fig 6. Linear and bimodal correlations among eQTMs. Representation of linear and bimodal distributions for DNAmethylation
and expression (A). Scatter plot representing the correlation between DNAmethylation and expression among the samples for
selected top candidates associations (B). The red line represents the linear regression for each association.

https://doi.org/10.1371/journal.pgen.1007785.g006
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same DNAmethylation and expression profiles, implying that the association is non cell- or
state-specific. On the contrary, eQTM associations with linear distribution suggest a cell- or
state-specific mechanism where the continuous signal is explained by the distribution of cells
being fully or not methylated among the placenta sample (S10 Fig). To assign eQTMs to linear
or bimodal distribution we implemented a Bayesian model for bimodal distribution detection.
Each gene expression or DNAmethylation distribution was analyzed separately and eQTMs
were called as linear if both expression and methylation represented a linear distribution and
called bimodal if both expression and methylation show a bimodal distribution profile (see
Methods).

Using our model, we classified 118 associations as bimodal including 29 unique genes and
108 unique CpG sites, and 1,201 as linear which represent 877 unique genes and 1,140 unique
CpG sites (Fig 6, S22 Table). The greater occurrence of linear correlations can be attributed to
the high cellular heterogeneity of the placenta. Both linear and bimodal associations were
enriched for proximal interactions, with linear showing a more spread distribution (Fig 7A).
Interestingly, linear and bimodal distributed associations were not found enriched for the
same genomic context, linear distributed eQTMs were enriched for feature 2 and 3, our candi-
date active and poised enhancer and bimodally distributed eQTMs where enriched for feature
1 our candidate promoter (Fig 7B).

Looking at transcription factor binding sites across bimodal and linear eQTM associations,
we identified a specific pattern where bimodal but not linear associations were globally
enriched in transcription factor binding sites (S21 Table). Interestingly, the transcription
factor previously identified as part of the bHLH family (MAX, MAZ, MXI1, MYC, and
SIN3aK20) where highly enriched for bimodally distributed associations while depleted for
linear associations (S11 Fig). This suggests that distribution not only reflect cell heterogeneity
but also provide information on the different factors involved in DNAmethylation regulation
of expression. These observations, if not sufficient to propose a definitive mechanism of action,
will definitely contribute as key resources to further analysis when linking DNAmethylation
alteration to phenotypes by offering a curated list of gene sensitive to methylation alterations
specific to the placenta.

Discussion
The results presented here highlight the importance of genetic-epigenetic interactions in
human placentas and provide a resource to further characterize the dynamic of these interac-
tions in the context of human diseases. Indeed, because GWAS and EWAS analyses are statisti-
cal approaches that only report associations between genetic variants and interrogated
phenotypes, an approach in which GWAS data are combined with reference datasets detailing
associations between genetic variants and gene expression or CpG methylation can help to
pinpoint genes and regulatory DNA sequence variants linked to disease susceptibility. By pro-
viding a curated list of eQTL, mQTL, and eQTM associations, with careful consideration of
potential false-positive and false-negative findings, we have started to address these issues as
they pertain to human placentas. Our data represent an initial basis for understanding how
genetic variation in human placentas influences epigenetics marks and expression and allows
the identification of genes and CpG sites with greater sensitivity to genetic variants, which
should be considered when interpreting disease-focused studies such as GWAS and EWAS.
Indeed, a significant amount of research today is built on the dichotomy between treated ver-
sus non-treated or disease versus non-diseased with less consideration toward understanding
what constitutes normal or healthy. Thus, our ability to more fully define a ‘normal’ molecular
phenotype will have a notable impact on the interpretation and significance of such studies.
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Fig 7. Differences in genomic distribution between linear and bimodal eQTMs. The histogram represents the
density of eQTM associations in function of the distance from transcription start site (TSS) considering linear and
bimodal correlation separately (A). The density plots represent the distribution of overlaps between random sampling
and the different features as defined by permutations tests whereas the red line illustrates the overlap value between
candidate associations and features (B).

https://doi.org/10.1371/journal.pgen.1007785.g007
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Lastly, a better understanding of the interplay between the multiple functional layers at a sys-
tems level under normal conditions is needed to fully benefit from the ever-increasing amount
of multi–omic data.

Epigenome-wide association studies, primarily focusing on DNAmethylation, have been
used for examining the impact of environmental exposures and early biomarker discovery
[13]. The increasing number of studies and challenges in this area have been reviewed [65].
Among these challenges is the ability to adequately correlate DNAmethylation and expression
profiles to identify reliable and causal associations in a tissue-specific context. Here, we provide
a list of candidate genes and CpG sites with high genetic-epigenetic correlations in human pla-
centas, revealing some general principles of these interactions. Associations found in promoter
regions represent a categorical/bimodal signal with enrichment for transcription factor bind-
ing sites, while enhancer interactions represent a linear additive profile with no significant
enrichment for transcription factors. These differences can be related to cell heterogeneity.
Indeed, promoter regions show a more constitutive pattern across cell types while enhancers
are more likely to be cell type specific. Therefore, enhancer regions will present a cell specific
signal depicted as a continuous range of values for gene expression and DNAmethylation
which transcribe as a linear distribution when looking at methylation-expression associations.
Cell subpopulation effects are now recognized as a major source of variability and support the
recommendation for single cell type analysis in EWAS [4]. The placenta is a highly heteroge-
neous tissue and demonstrates differences in gene expression and DNAmethylation, which
may be due to changes in the proportional distribution of different cell types (for example, as a
result of infection, inflammation or other conditions) that can later confound methylation-dis-
ease associations [66]. Heterogeneity may be corrected using statistical deconvolution tech-
niques [67, 68] where a subset of targets is used to represent distinct DNAmethylation or gene
expression profiles for each cell type and assess subpopulation distribution. The accuracy of
these approaches is highly dependent on the availability of reference epigenomes and tran-
scriptomes and the ability to select representative targets for the tissue considered. Single cell
data for the placenta are not available. However, genes and CpG sites with linear distribution
can be further used to assess and control for cell subtype population in human placenta.

There are several strengths to our study, the most important of which is the comprehensive
nature of our analysis. By sampling more than 300 individual placentas from an ethnically
diverse and representative population, we present here the most extensive placenta-specific
genome-wide analysis published to date. Based on our heterogeneous population we believe
that our findings will be applicable to populations with diverse backgrounds including minori-
ties that have been so far underrepresented in both GWAS and EWAS studies. Another key
factor of our study is the resolution of our approach. We combine from the same cohort
genome-wide transcriptome, epigenome and genetic variation information which allows for
improved understanding of the intricacy of expression regulation mechanisms in an under-
studied tissue by overcoming the limitations inherent to each individual dataset when consid-
ered separately. Finally, the ability to extract meaningful information is highly dependent on
the quality of the analytical approach. Thus, we describe here stringent methods to incorporate
different datasets and extract robust correlations. We also emphasize the limitations intrinsic
to the different techniques, which will help to assure reproducibility.

A major gap in the field has been the lack of placenta-specific annotations. This situation
also makes our findings valuable as they will promote the creation of a placenta-specific data
repository. We believe that the massive amount of high-quality data generated will serve as a
reference and benefit to further–omics placenta specific studies and contribute to a new per-
spective in term of disease susceptibility and placenta development.
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Methods
Ethics statement
This study has been approved by the Columbia University IRB Exp. The protocol number is
IRB-AAAD9014. Written informed consent were obtained for all women at time of the
enrollment.

Study participants
Subjects and samples were identified from the Eunice Kennedy ShriverNational Institute of
Child Health and Human Development (NICHD) Fetal Growth Study, which was a prospec-
tive, multicentered, observational study including 3,000 pregnant women [69]. Healthy, non-
obese, low risk pregnant women across four race/ethnicity groups, who conceived spontane-
ously and had no obvious risk factors for fetal growth restriction or overgrowth were eligible
for inclusion in the study. Specifically, self-identified non-Hispanic white, African-American,
Hispanic, and Asian/Pacific Islander women with a singleton pregnancy less than 13 weeks
and 6 days of gestation were enrolled. All women were between 18 and 40 years old with BMI
between 19.0 to 29.9kg/m2 with no confirmed or suspected fetal congenital structural or chro-
mosomal anomalies. Multiple exclusions were identified to assure a low risk population and
included but was not limited to, cigarette smoking in the past six months, use of illicit drugs in
the past year, consumption of at least 1 alcoholic drink per day, chronic hypertension, diabetes
mellitus, HIV or AIDS, and history of gestational diabetes in a prior pregnancy. To assure cor-
rect dating, all pregnancies had first trimester ultrasound screening consistent with gestational
age. Placentas were collected from pregnancies with a predicted birthweight by ultrasound
between the 10th and the 90th percentile (S23 Table).

Sample collection
Placental samples were obtained and processed within one hour of delivery by trained research
personnel. Placental parenchymal biopsies measuring 0.5 cm x 0.5 cm x 0.5 cm were taken
from the fetal side of the placenta just beneath the fetal membranes and were placed in RNA-
Later and frozen for molecular analysis.

After delivery, neonatal anthropometric measurements were taken. These included: birth
weight, head circumference. Information on maternal weight gain, antenatal and intrapartum
complications, and neonatal outcomes were extracted from the medical record.

Genome-wide gene expression
RNA from 80 placenta biopsies (42 males and 38 females) was isolated using TRIZOL reagent
(Invitrogen, MA, USA). Poly-A pull-down was used to enrich for mRNAs, and libraries were
prepared using the Illumina TruSeq RNA kit. Libraries were pooled and sequenced on an Illu-
mina HiSeq2000 machine with 100 bp paired-end reads. RTA (Illumina, San Diego, CA, USA)
was used for base calling and bcl2fastq (version 1.8.4) for converting BCL to FASTQ format,
coupled with adaptor trimming. The reads were mapped to the human reference genome
(NCBI/build37.2) using Tophat (version 2.0.4) with 4 mismatches (—read-mismatches = 4)
and 10 maximum multiple hits (—max-multihits = 10). The relative expression level of genes
was estimated by FPKM (Fragments Per Kilobase of transcript per Million mapped reads)
using cufflinks (version 2.0.2) with default settings. FPKM values were used in log2-trans-
formed scale after quantile normalization. Data are available through dbGap repository, acces-
sion number: phs001717.v1.p1.
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Genome-wide DNAmethylation
Genomic DNA from 303 placental biopsies (151 males and 152 females), 500 ng, was used as
per the manufacturer’s instructions for HumanMethylation 450 Beadchips (Illumina), with all
assays performed at the Roswell Park Cancer Institute (RPCI) Genomics Shared Resource.
Data were processed using Genome Studio, which calculates the fractional methylation
(AVG_Beta) at each queried CpG, after background correction, normalization to internal con-
trol probes, and quantile normalization. All probes mapping to the X or Y chromosome were
removed. As recommended by Illumina, AVG_Beta values with a detection p-value>0.05
were excluded from the analysis and replaced by missing values. Probes that queried CpGs
directly overlapping the positions of known common DNA variants as reported in 1000
Genomes Project Phase 3 (allele frequency >1%) and within a 20 base pair window upstream
of the interrogated CpG were excluded since these CpGs may be abolished by the SNP itself or
the binding of the probe itself could be altered [34]. Additionally, the accuracy of the Illumina
450K can be affected by cross-reactive probes that were also excluded from our analysis [35].
Data are available through dbGap repository, accession number: phs001717.v1.p1.

Genome-wide SNP genotyping
The DNA samples (n = 303, 151 males, and 152 females) were genotyped on Illumina Huma-
nOmni2.5 Beadchips, followed by initial data processing using Genome Studio. SNPs were
annotated using dbSNP138. Quality control exclusionary measures for subjects were: genotype
call rates<95%, marked departure from Hardy-Weinberg equilibrium (p<0.001) and low
minor allele frequencies <5% after QC filtering genotype was conserved for 1,374,581 SNPs.
Data are available through dbGap repository, accession number: phs001717.v1.p1.

Association analyses and FDR control
To test for association between genotype and expression (each SNP vs each transcript, eQTL)
or genotype and DNAmethylation (each SNP vs each methylation site, mQTL) we used a lin-
ear regression model implemented in QTLtools [70]. For the association between expression
and DNAmethylation (each transcript vs each methylation site, eQTM) we used a linear
regression model (LINEAR) implemented in Matrix eQTL [71]. For eQTL and eQTM, the lin-
ear regression model was corrected using principal component analysis (PCA) and PEER nor-
malization (K = 10) based on expression data [72]. For PCA analysis, only the principal
components (PC) significantly contributing to variability were added into the model. In our
case, PC1 and PC2 were included as contributing for up to 32% of variability (S2 Fig). For
PEER analysis, covariate contribution was estimated using Bayesian approaches to infer
hidden determinants and their effects from gene expression profiles by using factor analysis
methods [72]. For each association, FDR was estimated by permutations a 1,000 times after
correction for multiple comparisons using Benjamini & Hochberg [73] approach implemented
in R package (p.adjust). The same random indexes were applied to the PEER factors and
covariates. For eQTLs and mQTLs, permutation is implemented in the QTLtools package. For
expression-methylation associations (eQTMs), we permuted ratio for each transcript with sig-
nificant association (n = 14,353) 1,000 times. For eQTL analysis, the correlation was run
between expression and genotype across 80 samples (42 male, 38 female), for mQTL analysis
association between methylation and genotype was calculated across 303 samples (151 male,
152 female) and for eQTM analysis through 74 samples (38 male, 36 female).

Associations reaching the significance threshold were retained to further analysis if having
at least a shared genotype in 5% or more individuals (AA, AB, BB, where A is the reference
and B the alternate allele) and regression slope>5%. Associations were further prioritized

Functional genomic characterization of the human placenta

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1007785 November 19, 2018 21 / 34

https://doi.org/10.1371/journal.pgen.1007785


based on their regression slope and distance between a genetic variant and associated gene or
CpG to encompass the linearity and the magnitude of the progression between the different
genotype. Briefly, we generated a score for each association following this equation [score =
(1-P.value)�abs(regression slope)/log(abs(distance)+2)].

Determination of “at-risk” probes
“At-risk” probes were defined following 3 distinct criteria (1) the presence of common SNPs
in a 20 bp window from the 3’ end of Illumina probe (SNP-probe) [34], (2) previous identifica-
tion as cross-reactive probes [35] and (3) based on a specific methylation profile using Gap-
Hunter algorithm (gap-probe) [36]. Criteria 1 and 2 were sufficient to exclude the probe from
further analysis while criteria 3 only resulted in a flagging of the identified probes. We first
identified all CpG-SNPs interrogated by the Illumina 450k assay based on 1000 Genomes Proj-
ect Phase 3 dataset using an allele frequency >1%. We then used the same reference to identify
probe with known genetic variants within the 20 bp upstream of the interrogated CpGs includ-
ing the single base extension for probe of type I. We decided to consider 20 bp because of the
absence of consensus for exclusion and because we did not detect a differential enrichment
from 20 bp to the 5’ end of the probe (S12 Fig). This list of affected probes was further pruned
down by excluding probes containing a genetic variant with reference and alternative alleles
involving a C or a T which will not affect the binding of the probe as we are considering bisul-
fite-treated reads. The list of cross-reactive probes is publicly available [35]. We used the func-
tion “gaphunter” from the minfi package (v1.18.4) to identify probes with a gap in a beta
signal. Such probe signal has a tendency to be driven by an underlying SNP or other genetic
variants. Beta values were provided as input and the function outcomes a data frame listing for
each identified gap signal, the number of groups and the size of each group. Only gap signals
not driven by outlier (cutoff = 1%) were considered. A complete list of SNP-probe, cross-reac-
tive probe as well as gap-probe is available as S7 Table. S7 Table also includes the list of associa-
tion involving a gap-probes. Finally, the non filtered list of mQTLs with annotated probes
(SNP/cross-reactive/Gap-probes) is available at S13 Table.

Enrichment analysis
For an observed overlap X between our candidates and a list of intervals of interest Y of size n
from a total population of assayed sites Z, we compared the observed value of X with the distri-
bution of the same overlap n under the null hypothesis using permutation tests. To obtain the
null distribution, we employed a random sampling approach where we randomly sampled
1,000 times from the population of all assayed sites (Z). Thus, with Y, n, and an observed over-
lap with a genomic interval, X, we sampled n loci from Z and found the overlap of the random
sample with the interval, Yk, for k in 1, 2, . . ., 1000 (that is 1000 random samples). Next, we
compared X with the distribution of simulated overlaps, Y1,2,. . .,1000. If the resulting null distri-
bution, Y1,2,. . .,1000, contains the observed overlap, X, then we can conclude that there is no sig-
nificant enrichment. Conversely, when the null distribution, Y1,2,. . .,1000, excludes the observed
overlap, X, then we can conclude that there is significant enrichment beyond that of random
chance. The significance is further assigned as follow: the number of time when Yk> X
divided by k.

π1 statistics
The π1 statistic was used to quantify overlap between eQTL associations found in placenta and
the tissue cataloged by the GTEx consortium. The non–model-based pairwise analysis method
identifies significant SNP-gene pairs in a first tissue, and then uses the distribution of the P
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values for these pairs in the second tissue to estimate π1, the proportion of non-null associa-
tions in the second tissue. It provides an estimate of the fraction of true positive eQTLs,
π1 = 1-π0, where π0 = estimated fraction of null eQTLs, estimated from the full distribution of
p-values (Storey and Tibshirani q-value approach [74]). The π1 statistic considers also sub-
threshold placenta eQTL p-values below the FDR<5% cutoff.

Transcription factor binding affinity estimate
Using the 1000 Genomes Project Phase 3 dataset, we identified all genetic variants within 2 kb
windows centered on the gene transcription start site (eQTL) or CpG (mQTL) using a minor
allele frequency >1%. The transcription factor dataset was from ENCODE ChIP-seq experi-
ments, together with DNA bindings motifs identified within these regions as displayed by the
ENCODE Factorbook repository [75]. We first compare transcription factor binding affinity
between the reference and alternative allele using the FIMO tools in the MEME suite [48].
FIMO is a software tool for scanning DNA or protein sequences with motifs described as posi-
tion-specific scoring matrices. The program computes a log-likelihood ratio score for each
position in a given sequence database, uses established dynamic programming methods to
convert this score to a P-value and then applies false discovery rate analysis to estimate a q-
value for each position in the given sequence. FIMO output a list of significant binding site for
both reference and alternative allele. However, FIMO only provides with qualitative informa-
tion and does not allow for significant quantification of the difference in binding affinity
between the two alleles. Therefore, we used atSNP [49] to quantify the difference between the
reference and alternative allele for the binding site identified by FIMO. It uses ENCODE
motifs and JASPAR motifs to evaluate the regulatory potential of the SNPs. It outputs for
each SNP the significance of the match to each position specific matrix with both the reference
and the alternative allele and also the significance of the change in these match scores. atSNP
relies on sampling algorithm with a first-order Markov model for the background nucleotide
sequences to test the significance of affinity score and SNP-driven changes in these scores.
atSNP is an R package.

Pathways analysis
For pathways analysis, we used the Bioconductor package GOseq [29] combined with the
KEGG annotation database [76]. GOseq is based on gene ontology analysis but allows for cor-
rection such as gene length that has been shown to bias gene set enrichment analysis. For
eQTL associations, we control for gene length as implemented in the reference manual and for
mQTL associations, we generated a list of the number of probes per genes using Illumina
450K and Refseq annotations. This list was then used as input to control for gene overrepre-
sentation bias.

Genome annotation
Placenta specific genome annotation has been generated using publicly available data from the
Roadmap in Epigenomics project. Chromatin immunoprecipitation followed by massively
parallel sequencing (ChIP-seq) was obtained from fetal placenta primary tissue from several
donors (S16 Table). Annotation involved processing the raw data for chromatin accessibility
(DNase hypersensitivity) along with ChIP-seq data for six histone modifications (H3K4me1,
H3K27me3, H3K27ac, H3K4me3, H3K36me3 and H3K9me3), followed by the use of the
ChromHMM algorithm [77] to predict seven features as previously described. ChromHMM is
based on a multivariate hidden Markov model that models the observed combination of chro-
matin marks using a product of independent Bernoulli random variables, which enables robust
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learning of complex patterns of many chromatin modifications. ChromHMM outputs both
the learned chromatin-state model parameters and the chromatin-state assignments for each
genomic position. Based on enrichment and genomic localization, feature 1 was annotated as
candidate promoter (H3K4me3), feature 2 as candidate active enhancer (H3K4me1 and
H3k27ac), feature 3 and 4 as candidate poised enhancer (H3K4me1 and H3k27me3) and fea-
ture 7 as transcribed sequences (H3K36me3). Finally, features 5 and 6 did not show enough
specific enrichment to be annotated (S7 Fig).

Targeted bisulfite sequencing
Targeted bis-seq was performed for the validation of 3 mQTL regions and to assess the effect
of common SNPs in 4 Illumina probes as described in Do et al. [13]. Briefly, the primers (S24
Table) were designed using MethPrimer. Bisulfite-converted DNA was amplified by PCR, fol-
lowed by Nextgen sequencing (Illumina MiSeq). The PCR and library preparation were per-
formed using Fluidigm Access Array system. PCRs were performed in triplicate and pooled to
ensure sequence complexity. ASM was assessed when the coverage was at least 100 DNA frag-
ments. While the absolute differences between methylation of the two alleles are not exagger-
ated by ultra deep sequencing, the p-values tend to zero as the number of reads increases.
Therefore, the Wilcoxon non parametric test was performed using bootstrapping (1000 ran-
dom samplings, 20 reads per allele) to minimize an artificially low p-value due to ultra deep
coverage. The significance of the allele asymmetry was defined by p<0.05 and an absolute
methylation difference between allele>20%. For the graphical representations of the bis-seq,
one representative random sampling of the reads was shown per allele. Samplings and boot-
strapping were performed using R.

Assessment of the association’s distribution
First, we assessed unimodal and bimodal distribution for expression and methylation data. For
expression, a Bayesian model of normal distribution was used to estimate the parameters of
the normal distribution fitting the data. The likelihood function is given by a normal distribu-
tion:

expi � dnormðm; tÞ

Here, expi is the expression value for the ith sample. μ denotes the mean of the normal distribu-
tion, τ is the precision of the normal distribution. Standard deviation s ¼ 1ffiffi

t
p .

The prior for the parameter μ and τ are described by two non-informative priors as:

m � dnormð0; 0:0001ÞIð0; Þ

t � dgammað0:01; 0:01Þ

Here, the prior for the μ is distributed on the right side of a normal distribution with mean 0
and standard deviation 100. The prior for the precision is described as a gamma distribution
with mean 1 and standard deviation 10. To assess the bimodal distribution of expression data,
a mixture of two normal distributions model was used to estimate the means, standard devia-
tion and the mass of the bimodal distribution.

The likelihood function can be written as:

expi � o1dnormðm1; tÞ þ o2dnormðm2; tÞ

Functional genomic characterization of the human placenta

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1007785 November 19, 2018 24 / 34

https://doi.org/10.1371/journal.pgen.1007785


Here, ω1 and ω2 represent the mass of each mixture. μ1 and μ2 are the means of each mixture.
We assumed that the two mixtures have similar variance, τ.

The prior for the mass ω1 is described as:

o1 � dbetað1; 1Þ½0:1; 0:9�

o1 þ o2 ¼ 1

Here, the prior of the mass for the first mixture follows a uniform beta distribution ranging
from 0.1 to 0.9, which means the proportion for any mixture has to be larger than 10%. And
the two mixtures add up to 1.

The prior for the means μ1 and μ2 are described the same way as the mean in a unimodal
model.

Because the methylation value for CpG site ranging from 0 to 1, we used a beta distribution
to describe the unimodal distribution of the methylation data instead of the normal
distribution.

Likelihood:

methyi � dbetaða; bÞ

Here,methyi is the methylation value for the ith sample.
The parameters of the beta distribution α and β are determined by μ, the mean of the meth-

ylation data, and κ, the variation of the methylation data, as:

a ¼ m � k

b ¼ ð1 � mÞ � k

The priors for μ and κ are modeled as:

m � dbetað1; 1Þ

k � dgammað0:01; 0:01Þ

Here, μ follows a non-informative uniform beta distribution, and κ follows a gamma
distribution.

For bimodal distribution of methylation data, a mixture of two beta distributions was used.
The likelihood:

methyi � o1dbetaða1 ¼ m1k;b1 ¼ ð1 � m1ÞkÞ þ o2dbetaða2 ¼ m2k; b2 ¼ ð1 � m2ÞkÞ

Here, ω1 and ω2 represent the mass of each mixture. μ1 and μ2 are the means of each mixture.
We assume that the two mixtures have similar variance, κ.

The prior for the mass ω1 is described as:

o1 � dbetað1; 1Þ½0:2; 0:8�

o1 þ o2 ¼ 1

Here, the prior of the mass for the first mixture follows a uniform beta distribution ranging
from 0.2 to 0.8, which means the proportion for any mixture has to be larger than 20%. And
the two mixtures add up to 1.

The prior for the means μ1 and μ2 are described the same way as described in unimodal
methylation data.
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Having both the model and data, we used the Gibbs Sampler JAGS (Martyn Plummer
2003) to sample the posterior distribution through the “rjags” package (Martyn Plummer
2016). Finally, we compared the goodness of fit of a unimodal and bimodal model for the data
by Bayesian Information Criteria (BIC). The unimodality or bimodality of the data is deter-
mined by the model with better BIC. The mean and standard deviation of the data is estimated
from the posterior distribution sampled by JAGS.

Codes used during our analysis are available here: [https://github.com/fabiendelahaye/
Placenta_analysis.git]

Supporting information
S1 Fig. Cohort description.Heatmap representing gene expression correlation across samples
for the full dataset (ALL) and highly variable genes defined using MAD (High MAD) (A).
Heatmap representing DNAmethylation correlation across samples for the full dataset (ALL)
and highly variable genes defined using MAD (High MAD) (B). Genetic background analysis
using principal component. Each plot represents principal component 1 versus principal
component 2 when considering the 1000 genomes samples reference dataset (1000 Genomes
Project samples), our placenta cohort (Placenta Samples) and the overlap between the two.
Populations are color coded in the reference dataset and black squares represent samples from
the placenta cohort (C).
(TIF)

S2 Fig. Identification of cofounders. The principal component analysis was run to identify
cofounders within the gene expression and DNAmethylation datasets. Histogram represent-
ing the proportion of variance explains for each principal component from 1 to 10 (A). Associ-
ation between principal component and the known factor was assessed using linear regression.
Heatmap representing the level of significance for the association between a principal compo-
nent and each factor for gene expression dataset (B) and DNAmethylation dataset (C).
(TIF)

S3 Fig. Representative association for eQTLs and mQTLs. Boxplot representing the profile
of expression for each genotype for selected top candidate eQTLs (A). Boxplot representing
the profile of methylation for each genotype for selected top candidate mQTLs (B).
(TIF)

S4 Fig. The overlap between placenta specific association and GTEx dataset. Histogram
representing the enrichment for cis-eQTLs from the placenta in transformed fibroblasts from
GTEx (A) and in brain cerebellar hemisphere (B). The π1 value represents similarity between
tissue ranging from 0 (least similar) to 1 (most similar).
(TIF)

S5 Fig. mQTL validation. Targeted bis-seq data showing Hap-ASM in LOC01848 region. The
bis-seq amplicon covers the mQTL index CpG (cg15548566), as well as contiguous CpGs. This
region overlaps with the common SNP, rs13360436 which dictates methylation level with the
alternate allele (allele B) being significantly hypermethylated compared to the reference allele
(allele A), suggesting the presence of hap-ASM in 11 out of 19 heterozygous samples. The low
methylated allele is significantly biased toward allele A (p = 4x10-06, using binomial test) which
ruled out imprinting. In this region, rs112724034 has been associated with Alzheimer’s disease
(AD) [1]. ΔMeth (difference in the percentage of methylation between alleles in heterozygous
samples) and Wilcoxon p-values are from bootstrapping.
(TIF)
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S6 Fig. Example of false-negative in our stringent mQTL set. Bis-seq showing hap-ASM in
CLDN23 region. cg24900164 was excluded from our main analysis since the probe maps a
common non-CT SNP located 7 bp from the index CpG and was therefore not included in our
stringent mQTL list. However, targeted bis-seq identified hap-ASM dictated by rs13254997 in
9 out of 20 heterozygous samples (7 positives and 2 negative hap-ASM). In addition, the net
methylation estimates from Illumina 450K BeadChips arrays and bis-seq were similar suggest-
ing that the SNP did not affect the probe hybridization. These findings suggest the presence of
genuine mQTL at this locus.
(TIF)

S7 Fig. ChromHMM annotations. ChromHMM algorithm was used to define genomic
annotations based on ChIP-seq tracks available for the placenta. Heatmap representing the
enrichment for the different ChIP-seq mark in each feature (A). Heatmap representing the
enrichment for previously defined genomic annotation in each feature (B). Density plot repre-
senting the enrichment for each feature in function of the distance from the transcription
starting site (TSS) (C).
(TIF)

S8 Fig. Enrichment for proximal associations.Histogram representing the distribution of
associations from the transcription start site (TSS) for eQTL (A) and from the CpG site for
mQTL (B).
(TIF)

S9 Fig. Distribution of difference in binding affinity. Representative density plot of the dif-
ference in binding affinity between the reference and alternative allele for eQTL (A) and
mQTL (B) as defined by FIMO. Null differences and binding not reaching a p.value<0.0001
were excluded prior to analysis.
(TIF)

S10 Fig. Schematic representation of the subpopulation effect on the correlation between
DNAmethylation and gene expression. Scenario representing a correlation between CpG
and gene which is not cell specific as DNAmethylation and gene expression profiles are
similar across the different cells of each sample. CpG is either fully or not methylated and
expression is high or low. This scenario will be called as bimodal distribution (A). Scenario
representing an absence of correlation between DNAmethylation and gene expression (B).
Scenario representing a correlation between CpG and gene which is cell specific as DNAmeth-
ylation and gene expression profiles are variable across cell within each sample. This profile
will be called a linear distribution (C).
(TIF)

S11 Fig. Transcription factor binding sites enrichment for eQTMs. The density plots repre-
sent the distribution of overlaps between random sampling and the selected transcription fac-
tors binding site as defined by the ENCODE Factorbook repository when the red line
illustrates the overlap value between candidate associations and the corresponding transcrip-
tion factor binding site for linear (A) and bimodal (B) distributions.
(TIF)

S12 Fig. mQTL association within Illumina 450k probes. Scatter plot representing the
enrichment for significant associations in function of distance from 3’end of Illumina probe.
The blue dash line represents the cutoff use during our study. This cutoff was defined based on
previous observations and on the decrease, enrichment observed in our analysis.
(TIF)
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S1 Table. Correlation of expressions between placenta and Tissue from the GTEx consor-
tium.
(XLSX)

S2 Table. Summary of genes with high variability across the placenta.
(XLSX)

S3 Table. Summary of CpGs with high variability across the placenta.
(XLSX)

S4 Table. Summary of pathways associated with gene showing high variability. This table
relates the significant outcome of the gene set enrichment analysis using GOseq and KEGG
database for genes and CpG-associated genes classified as high variable across placenta using
MAD.
(XLSX)

S5 Table. Summary of eQTL associations.
(XLSX)

S6 Table. Summary of mQTL associations.
(XLSX)

S7 Table. Excluded probes. This table recapitulates the list of probes from Illumina 450K
design that were excluded in the present analysis, the list of cross-reactive probes as defined by
Chen YA, et al., the list of probes that were flagged by Gap-hunter as well as the list of mQTLs
and eQTMs that match with these flagged probes.
(XLSX)

S8 Table. Summary of genes associated with eQTL overlapping with the previously pub-
lished association by Peng et al.
(XLSX)

S9 Table. mQTL association overlapping with previously identify mQTLs in the Do et al.
paper. The overlap between our candidate mQTLs and the one previously identified by Do
et al. was generated focusing on mQTL associated CpG.
(XLSX)

S10 Table. π1 score across the GTEx tissues. π1 was calculated for each available sample from
the GTEx database as a measure of similarity between these tissues and placenta.
(XLSX)

S11 Table. List of placenta specific associations.
(XLSX)

S12 Table. mQTLs validation. The outcome of the validation using a targeted approach for
selected mQTL candidate found in our and Do et al. studies.
(XLSX)

S13 Table. The complete list of mQTL associations with flagged at “risk” probes.
(XLSX)

S14 Table. KEGG analysis. This table relates the significant outcome of the gene set enrich-
ment analysis using GOseq and KEGG database for eQTL and mQTL associations.
(XLSX)
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S15 Table. List of genes overlapping between eQTLs and mQTLs.
(XLSX)

S16 Table. ChromHMM input dataset. Information regarding placenta specific ChIP-seq
tracks used to perform ChromHMM.
(XLSX)

S17 Table. List of the transcription factor with altered binding affinity due to genetic vari-
ants associated to eQTLs and mQTLs. This list represents the outcome of the atSNP algo-
rithm.
(XLSX)

S18 Table. The overlap between placenta specific eQTLs and associations from the GWAS
database. This analysis was centered on overlapping genetic variants between placenta eQTLs
and genetic variant previously reported in the GWAS database.
(XLSX)

S19 Table. The overlap between placenta specific mQTLs and associations from the GWAS
database. This analysis was centered on overlapping genetic variants between placenta
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