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1.  Introductory summary

1.1 The impact of early life on health

1.1.1 Developmental programming

Developmental programming suggests that the prenatal environment can influence fetal develop-
ment with long-lasting effects on future development and health.

Originally, David Barker proposed the fetal origins hypothesis based on his observation that un-
dernutrition during pregnancy can affect fetal growth and predispose the child to cardiac and
metabolic disorders in adulthood (Barker, 1995; Barker et al., 2002). Godfrey and Barker (2001)
outlined these proposed associations based on evidence from different studies: Undernutrition in
the womb may cause inadequate fetal and placental growth, leading to low birth weight and, in
an attempt to catch-up after birth, to accelerated growth during childhood. This was in turn asso-
ciated with elevated blood pressure and a higher likelihood of developing hypertension in adult
life, thus increasing the risk for coronary heart disease and related disorders. Later, the fetal ori-
gins hypothesis was expanded and formalized in the Developmental Origins of Health and Dis-
ease (DOHaD) hypothesis. The DOHaD hypothesis states that the prenatal environment may
permanently program the structure and physiology of the offspring during critical periods in utero,
thereby influencing later health outcomes (Barker, 2007; Gluckman & Hanson, 2004). To adapt
to adverse prenatal conditions, fetal metabolism and endocrinology may change, delaying growth
but ensuring immediate survival (Barker, 1998; Kwon & Kim, 2017). This ability of an organism to
respond to environmental cues is known as developmental plasticity, and is evolutionarily adap-
tive (Barouki et al., 2012). Thus, it is important to not only consider the detrimental but also the
adaptive consequences of fetal programming when studying this phenomenon. Accordingly, the
predictive adaptive response (PAR) hypothesis suggests that cues in early life favor the develop-
ment of a well-adapted phenotype if the conditions later in life match the early environmental
conditions (Gluckman et al., 2005). On the other hand, if the predicted and actual environment
differ, the mismatch between prepared phenotype and environmental conditions can increase the
risk for adverse health outcomes (Bateson et al., 2014).

Together, these concepts highlight the importance of the earliest developmental phase in under-
standing later health trajectories and individual responses to health challenges. The DOHaD the-
ory has been supported by evidence from both animal and human studies (McMullen & Mostyn,
2009) and can guide future research (Hagemann et al., 2021; Wadhwa et al., 2009). In fact, it has
been expanded to many different research fields, such as molecular and developmental biology,
human genetics and epidemiology (Suzuki, 2018). Finally, developmental programming has im-
plications for designing early prevention and intervention programs and is highly relevant for pub-
lic healthcare (Heindel et al., 2015; Jacob & Hanson, 2020). Global health initiatives, for instance,
have noted and heeded evidence supporting developmental programming (Black et al., 2017;
Clark et al., 2020; Kuruvilla et al., 2016). Investments during the pregnancy period have been
proposed to be important, both from a social and economic perspective (Doyle et al., 2009; Every
Woman Every Child, 2015; Penkler et al., 2019).
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1.1.2 Pregnancy as a sensitive period

Over the past years, the range of both prenatal influences and later-life outcomes investigated in
the field of developmental programming has increased (see Abdul-Hussein et al., 2021; Ramirez
et al., 2022). In addition to the aforementioned association between fetal undernutrition and car-
diac and metabolic diseases, fetal undernutrition has been further linked to cognitive performance
and related outcomes later in life (Fall, 2013; Hoffman et al., 2017; Roseboom, 2019; Victora et
al., 2008). Furthermore, several maternal characteristics have been related to child development.
For example, maternal pre-pregnancy obesity has been linked to attention-deficit/hyperactivity
disorder in the offspring (Li et al., 2020), maternal hypertensive disorders and preeclampsia dur-
ing pregnancy have been associated with child neurocognitive outcomes (Figueiré-Filho et al.,
2017), and maternal prenatal stress — or more generally maternal well-being — has been found to
be an important determinant for offspring neurodevelopment and mental health later in life (Bale
et al., 2010; O'Donnell & Meaney, 2017; Van den Bergh et al., 2020). Mental disorders linked to
prenatal stress include autism spectrum disorder, attention-deficit hyperactivity disorder, depres-
sion, anxiety, and schizophrenia (Lautarescu et al., 2020; Manzari et al., 2019; O'Donnell et al.,
2009; Tuovinen et al., 2021). Furthermore, external environmental influences during pregnancy
can have long-lasting impacts on the child (Almeida et al., 2019). For instance, prenatal chemical
exposure has been associated with poor neurodevelopmental outcomes (Bellinger, 2013;
Tohyama, 2019), air pollution has been reported to adversely affect cardiovascular, metabolic,
respiratory and neurodevelopmental outcomes (Gheissari et al., 2022), and maternal infection
and immune activation have been related to a higher risk for autism and schizophrenia-related
symptoms in the child (Haddad et al., 2020; Jiang et al., 2016). On the other hand, a healthy
maternal lifestyle and environment can promote positive outcomes. For example, exercise during
pregnancy has been found to be beneficial for fetal and postnatal health (Moyer et al., 2016).
However, early resiliency factors are still underexplored (Abdul-Hussein et al., 2021).

In sum, a range of prenatal exposures reportedly affect the future health status and development
of the offspring (Ozturk & Turker, 2021). Pregnancy is an important and especially sensitive period
in determining postnatal outcomes. The pace of fetal development exceeds that of any other pe-
riod during the life span, and fetal brain maturation in particular is rapid (Davis & Narayan, 2020).
During the late fetal phase, for instance, approximately 40,000 new synapses are formed per
second, and the fetal period is essential for neuron production, migration, connection and differ-
entiation (Monk et al., 2019). Because these foundations of brain development are laid prenatally,
it is plausible that pregnancy constitutes a susceptible period that can have long-lasting effects
on health (Cruceanu et al., 2017). Like the brain, other fetal organs are susceptible to change
during gestation (Sly et al., 2021). For example, prenatal air pollution exposure has been linked
to poor lung function and growth, which can increase the risk of respiratory symptoms (Hsu et al.,
2023; Korten et al., 2017); and prenatal malnutrition has been reported to impair endocrine pan-
creas development, which can increase the risk of diabetes (Moullé & Parnet, 2019; Remacle et
al., 2007). Changes in the structure and function of cells, tissues and fetal organs could explain
the observed long-lasting consequences of prenatal conditions for health outcomes (Barker et al.,
1993; Godfrey, 2002). Still, questions about the mechanisms underlying these changes remain.
How can we explain developmental programming on a molecular level?
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1.1.3 Mechanisms of developmental programming

1.1.3.1 Importance of epigenetics

The underlying mechanisms of developmental programming are not yet completely understood,
but researchers suspect that epigenetic processes play an important role (Arima & Fukuoka,
2020; Stevenson et al., 2020). Epigenetics is the study of changes in gene activity that are mitot-
ically heritable and not caused by changes in the DNA sequence itself (Jaenisch & Bird, 2003).
The three main epigenetic mechanisms are DNA methylation (DNAm), histone modifications and
noncoding RNAs (Gibney & Nolan, 2010; Goyal et al., 2019).

Epigenetic modifications establish a connection between environmental cues and phenotypic out-
comes by changing gene expression patterns in a cell- and tissue-specific manner (Feil & Fraga,
2012; Hoffman et al., 2017). The link between environment and epigenome involves receptor
signaling, energy metabolism and signal mechanotransduction from extracellular matrix to chro-
matin (Safi-Stibler & Gabory, 2020). Epigenetic mechanisms act on both the fetal and maternal
sides. However, the epigenome is particularly vulnerable during prenatal development, when ex-
tensive programming and reprogramming of epigenetic modifications occur (Kundakovic & Jaric,
2017).

Environmental influences can trigger hypothalamus-pituitary-adrenal (HPA) axis activation, im-
mune activation, microbiome dysregulation (Monk et al., 2019) or metabolic changes (Parrettini
et al., 2020) in the mother. Processes involving the HPA axis and stress response are among the
most researched and understood. The HPA axis is one of the main systems implicated in the
stress response (see Arnett et al., 2016; Packard et al., 2016; Russell & Lightman, 2019). Thus,
consequences of HPA axis dysfunction are relevant both in the mother and fetus. Alterations in
HPA axis functioning have been related to inappropriate stress responses and neuropsychiatric
disorders (Kinlein et al., 2015; McEwen, 2004; Sheng et al., 2020; Zorn et al., 2017).

Evidence from animal and human studies implicates maternal prenatal stress as a source of epi-
genetic modifications, which potentially affect fetal brain development and may program the risk
for emotional dysregulation and mental disorders over a lifetime (DeSocio, 2018). These long-
term effects of prenatal stress are at least partially mediated by glucocorticoids, HPA axis func-
tioning and epigenetic regulation of involved genes (Krontira et al., 2020; Matthews & McGowan,
2019; Provencal & Binder, 2015). For example, one of the most commonly studied candidate
genes is the glucocorticoid receptor gene NR3C71. DNAm levels of NR3C1 in the offspring have
been associated with prenatal stress exposure (Palma-Gudiel, Cérdova-Palomera, Eixarch, et al.,
2015; Sosnowski et al., 2018; Turecki & Meaney, 2016). In turn, epigenetic modification of this
gene may impair HPA axis functioning, thereby increasing the risk for psychiatric disease (Palma-
Gudiel, Cérdova-Palomera, Leza, et al., 2015).

The transmission of maternal exposures and experiences to the child via epigenetic pathways is
mediated by the placenta, which will be the focus of the next section.

1.1.3.2 The crucial role of the placenta

The special role of the placenta was postulated by Barker from the very beginning of his investi-
gations of fetal programming (Barker, 1998). As a regulator of fetal nutrient supply and growth,
the placenta is critical for fetal development and programming. The placenta is a metabolic and
endocrine organ and mediates solution transfer actively (Burton et al., 2016; Parrettini et al.,
2020). Epigenetic regulation plays an important role in placental development and functions
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(Koukoura et al., 2012; Nelissen et al., 2011). These functions include maintaining an immuno-
logical barrier between fetus and mother, mediating the transfer of respiratory gases, water, ions
and nutrients, and producing and secreting hormones, cytokines and signaling molecules
(Jansson & Powell, 2007). Environmental modulation during pregnancy involves morphological
and functional adaptions of the placenta with downstream effects on the offspring (Sferruzzi-Perri
& Camm, 2016). The fetal or perinatal responses that might affect the development of fetal organs
include changes in metabolism, hormone production and tissue sensitivity to hormones (Barker
et al., 1993; Gluckman et al., 2008).

Epigenetic signatures in human placental tissue have been associated with a range of maternal
characteristics and environmental exposures, including maternal psychopathology, endocrine
and metabolic status, nutrition, stress and smoking during pregnancy, and exposure to environ-
mental pollutants (Cleal et al., 2022; Palma-Gudiel et al., 2018). Furthermore, placental DNAm
levels appear to change during gestation, possibly in response to changing cellular composition
and cumulative environmental influences (Novakovic et al., 2011). While placental changes can
represent adaptive mechanisms to protect the developing fetus from detrimental exposures, they
have the potential to program the child in such a way that will later increase disease risk (Cleal et
al., 2022; Nugent & Bale, 2015). Moreover, the placenta may only be able to protect the fetus
from adverse exposures to a certain extent.

The relationship between prenatal exposure and placental regulation can be demonstrated using
prenatal stress as an example. The human placenta expresses corticotropin-releasing hormone
(CRH), a major stress hormone (King et al., 2001). During pregnancy, maternal CRH is largely
derived from placenta secretion and triggers secretion of maternal cortisol, which further activates
the release of CRH from the placenta in a positive feedback loop (Alcantara-Alonso et al., 2017;
Robinson et al., 1988). Increasing stress hormone levels throughout pregnancy constitute a nor-
mal process important for fetal maturation (Chatuphonprasert et al., 2018; Mastorakos & llias,
2003; Pofi & Tomlinson, 2020). Yet, elevated stress hormone levels during pregnancy have been
associated with fetal brain structure alterations, thereby potentially programming the fetal nervous
system (Kassotaki et al., 2021; Sandman et al., 2011). The exposure of the fetus to glucocorti-
coids is controlled by placental expression of the enzyme 11beta-hydroxysteroid dehydrogenase
type 2 (HSD11B2), which converts cortisol to inactive cortisone, thus buffering maternal gluco-
corticoid access to the child (Benediktsson et al., 1997; Sun et al., 1999; Togher et al., 2014;
Wyrwoll et al., 2011). However, chronic maternal prenatal stress has been associated via placen-
tal DNAm with a decrease in HSD11B2 gene expression, thus reducing this protective effect
(Jahnke et al., 2021; Jensen Pena et al., 2012). Consequently, stress during pregnancy could
disturb maternal stress response systems and change epigenetic regulatory processes. This may
influence placental glucocorticoid metabolism, which in turn has an impact on offspring neurode-
velopment.

Notably, the importance of the placenta for fetal brain development — and implications for neuro-
behavioral disorders — has been increasingly recognized during recent years and was conceptu-
alized in the term ‘placenta-brain-axis’ (Rosenfeld, 2021). Due to increasing evidence of the pla-
centa as an active brain architect, the placenta was even referred to as a ‘third brain’ by Lester
and Marsit (2018). In sum, the placenta is involved in the formation of the developing fetus and
has an outstanding role in the orchestration of fetal-maternal interactions (Lapehn & Paquette,
2022; Sferruzzi-Perri & Camm, 2016; Shallie & Naicker, 2019).
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1.1.4 Factors influencing the relationship among prenatal exposure, epigenetics
and child development

When considering potential mechanisms underlying developmental programming, researchers
should take into account a variety of factors that can modify and refine some of the observed
associations between prenatal exposures, (placental) epigenetics and child developmental out-
comes. The most critical factors (apart from more technical considerations) are described in this
section.

First, fetal characteristics such as sex and genetic predisposition can influence the child’s sus-
ceptibility to different exposures. Sex-dependent differences were observed in placental function,
implicating sex-specific placental responses (Rosenfeld, 2015). For instance, the effect of prena-
tal stress can vary by the child’s sex (Jahnke et al., 2021; Stoye et al., 2020). Furthermore, there
is a complex interplay between genetic, epigenetic and gene expression variability (Bollati &
Baccarelli, 2010; Capp, 2021). For example, it has been shown that interactions between genetic
and environmental factors (GxE) can explain more DNAm variability in perinatal tissues than gen-
otype or environmental factors alone (Chatterjee et al., 2021; Czamara et al., 2019; Teh et al,,
2014).

Second, the effect of an exposure — for instance, prenatal stress — can be influenced by the timing
of its occurrence (see Bronson & Bale, 2016; Lautarescu et al., 2020; Van den Bergh et al., 2020).
In general, there are different susceptible periods for different influences, and the downstream
effects of an exposure often depend on the timepoint of its occurrence during pregnancy (Davis
& Narayan, 2020; Langley-Evans, 2004).

Third, beyond pregnancy, the delivery process itself should be considered as a contributor to
epigenetics and developmental outcomes in the child. For instance, cesarean section has been
associated with an increased risk of various diseases in later life, and one explanatory hypothesis
suggests that the mode of delivery could affect the epigenetic state of stem cells in newborns
(Almgren et al., 2014; Linnér & Almgren, 2020). Furthermore, the delivery mode might influence
early gut microbiota composition, with implications for immune disorders in the child (Kristensen
& Henriksen, 2016; Lee, 2019).

Overall, the earliest period in life can prime the developing child to respond differently to environ-
mental exposures over the life course. Thus, studying the early life period can offer insights into
the underlying causes of different susceptibilities to future experiences. Prenatal influences in-
clude a range of environmental exposures and maternal characteristics, which should be consid-
ered together with characteristics of the child, pregnancy and birth processes. Epigenetic mech-
anisms, especially, but not only, in the placenta, have the potential to provide insights into the
pathways underlying this transmission of prenatal environment to child phenotypes. This is sum-
marized in Figure 1.
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Figure 1. lllustration of developmental programming: Several factors, such as maternal charac-
teristics and environmental exposures, have been associated with fetal developmental outcomes.
Epigenetic mechanisms (e.g., DNA methylation) suggest a pathway of how these factors can
translate to placental and fetal biology. The placenta is crucial for fetal development, and changes
in placental development and functioning may affect fetal tissue and organ development. This

could, in turn, program the offspring’s physiology, with long-term consequences for health. Figure
created with BioRender.com.

1.2  Approaches to study prenatal human development

1.2.1 Model systems and cohort studies

Both research in animal models and humans contributed to understanding the impact of early life
on health. Animal models can be used to study specific mechanisms, and can potentially show
causality, in a wide range of tissues including the brain. However, translating these findings to
humans is challenging (Frangogiannis, 2022; McGonigle & Ruggeri, 2014). Another promising
modeling approach are in vitro cell cultures, which include three-dimensional organoids (de
Souza, 2018; Richardson et al., 2020). These were successfully used to model certain brain re-
gions (Bassil et al., 2023; Luo et al., 2016) and have also been applied to model placental tissue
(Gundacker & Ellinger, 2020; Turco & Moffett, 2019). Nevertheless, human studies remain crucial
for gaining insight into the full complexity of human development.

Epidemiological cohort studies have been one of the main methods of studying developmental
programming in humans, and large-scale prospective birth cohort studies will continue to be im-
portant (Sata, 2019; Suzuki, 2018). Such studies are well suited to identify exposures and risk
factors before disease onset and to detect gene-environment interactions related to disease
(Manolio et al., 2006). Although cohort studies entail challenges too, they provide more unbiased
research in a natural setting and are very powerful when they involve different environmental
factors and phenotypes including molecular data (Wijmenga & Zhernakova, 2018).
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1.2.2 Gestational and perinatal tissue samples

Human research primarily relies on accessible tissues due to concerns about ethics and invasive-
ness. The placenta is of particular interest when studying pathways of developmental program-
ming. Other peripheral tissues commonly used include buccal cells and cord blood (Sosnowski
et al., 2018). Gestational and perinatal tissues, sampled directly after birth or even during preg-
nancy, help to gain insights into the prenatal development, as later sampling points most likely
also reflect postnatal influences.

The biological relevance of a tissue for the studied phenomenon is important to consider. As
discussed previously, the placenta is highly relevant in developmental programming. Thus, pla-
cental biomarkers have the potential to identify prenatal exposures and their relation to child de-
velopment and disease risk (Cleal et al., 2022; Manokhina et al., 2017). Generally, gestational
and perinatal tissues are target tissues for studies of prenatal development, and may even deliver
information about processes in other, less accessible, fetal tissues. Often it is unknown whether
a biomarker is simply an epiphenomenon or actually a component of a mechanistic pathway —
consequently, surrogate biomarkers are not necessarily inferior (Hanson & Gluckman, 2014).
Nevertheless, it is important to keep in mind that findings in one tissue cannot simply be extrapo-
lated to other tissues.

Although the placenta is easily accessible after birth, it is among the most poorly researched
organs (Benirschke, 2004; Bhattacharya et al., 2022; Shallie & Naicker, 2019). However, aware-
ness of the lack of knowledge about placenta biology, and research efforts, have increased. For
example, the ‘Human Placenta Project’ was initiated to better understand placental functioning
during gestation (Guttmacher et al., 2014). Furthermore, placental DNAm data is now available
in a subset of cohorts included in the PACE (Pregnancy And Childhood Epigenetics) consortium
(Felix et al., 2018), providing a resource for further investigations. Still, placental tissue is absent
from some large-scale cohort studies and important established consortia, such as the GTEx
(Genotype-Tissue expression) consortium (GTEx Consortium, 2019) and the Genetics of DNA
Methylation Consortium (GoDMC; Min et al., 2021). It is noteworthy that placental tissue sampling
is challenging due to regional differences that need to be considered and can lead to hetero-
genous tissue samples (Burton et al., 2014). Actually, the placenta is one of the most structurally
diverse organs within all mammals (Rosenfeld, 2021).

Importantly, placental tissue should not only be studied post-delivery but also during gestation
(Guttmacher & Spong, 2015). During pregnancy, the placenta is rapidly developing (Burton et al.,
2009; Cindrova-Davies & Sferruzzi-Perri, 2022). Formed from the zygote at the start of pregnancy,
the placenta has the same genetic composition as the fetus (Burton & Fowden, 2015; Herrick &
Bordoni, 2022). The zygote becomes a blastocyst, consisting of an inner cell mass and a
trophectoderm (Kojima et al., 2022). The trophoblast cell layer of the blastocyst proliferates into
cytotrophoblast and syncytiotrophoblast cells (Carlson, 2014). Both cytotrophoblast and syncyti-
otrophoblast are part of the chorion (Herrick & Bordoni, 2022). From the chorion, vascular projec-
tions of fetal tissue form chorionic villi, which are the basic structural unit of the placenta and
project into maternal blood (Griffiths & Campbell, 2015; Ventura Ferreira et al., 2018). Chorionic
villi consist of an outer layer of syncytiotrophoblast (in contact with maternal blood), a layer of
cytotrophoblasts, connective tissue and the fetal vascular endothelium (Herrick & Bordoni, 2022;
Lewis et al., 2017). They not only provide a barrier between fetal and maternal blood systems but
are also essential for the exchange of gas, nutrients and waste between fetus and mother (Caruso
et al., 2012; Maltepe & Fisher, 2015; Mori et al., 2007). In order to further facilitate fetomaternal
exchange, these villi undergo dynamic morphological changes throughout gestation (Knéfler et
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al., 2019; Mori et al., 2007). To study the human placenta in an earlier pregnancy stage, extremely
valuable though rare resources are first trimester chorionic villi samples (CVS), which are sam-
pled for early prenatal genetic testing if medically indicated (Hannibal et al., 2018; Vink & Quinn,
2018).

1.2.3 Epigenetic patterns

1.2.3.1 DNA methylation

In principle, all of the different epigenetic processes, including DNAm, histone modifications and
noncoding RNAs, are of interest in investigating gene regulation. However, the most studied and
best understood epigenetic modification in humans is DNAm (Haugen et al., 2015; Hoffman et
al., 2017). Furthermore, the studies of this thesis are centered around DNAm. Hence, this section
focuses on DNAm and corresponding study approaches.

DNAm is an epigenetic mark, referring to the transfer of a methyl group onto cytosine residues
and mainly occurring in the context of CpG dinucleotides (Bird, 1986; Dor & Cedar, 2018; Moore
et al., 2013). The necessary writing and removal of methyl groups, and the translation into func-
tional information, is performed by a machinery of proteins in the cells (Dor & Cedar, 2018). DNAm
can regulate gene expression by modulating the binding of transcription factors to regulatory DNA
elements (e.g., promoters, enhancers) and determining patterns of histone modifications, thereby
controlling transcriptional states (Héberlé & Bardet, 2019; Rose & Klose, 2014; Yin et al., 2017).
Typically, DNAm has been associated with repressed gene transcription, but growing evidence
indicates that the manner in which DNAm influences transcriptional activity is more complex and
appears to be context (e.g., DNA properties, stimuli) dependent (de Mendoza et al., 2022; Dhar
et al., 2021; Smith et al., 2020).

Differentiated cells develop a unique and relatively stable DNAm pattern that is important for the
regulation of tissue-specific gene expression (Khavari et al., 2010; Moore et al., 2013). Thus, an
essential function of DNAm is to maintain cell-specific gene expression patterns established dur-
ing embryonic development (Lande-Diner et al., 2007; Razin & Szyf, 1984; Santos & Dean, 2004).
This is crucial for the development and function of an organism (Robertson, 2005). Still, DNAm is
dynamic to some extent and responsive to environmental influences (Jaenisch & Bird, 2003;
Leenen et al., 2016; Martin & Fry, 2018; Meaney & Szyf, 2005). Different environmental cues,
such chemical compounds (e.g., pollutants), lifestyle factors (e.g., nutrition, smoking, alcohol con-
sumption) and stress have been associated with DNA methylation changes, which can affect
epigenetic gene regulation and consequently phenotypes (Feil & Fraga, 2012). In sum, DNAm
marks reflect an interaction among environment, epigenome and genome (Dhar et al., 2021).

Common methods to measure DNAm can be categorized into three main approaches: global
methylation levels, targeted gene sequencing, and genome-wide methylation screening (Colwell
et al., 2023). In epidemiological cohort studies, epigenome-wide approaches using popular and
affordable array-based platforms are common (Campagna et al., 2021; Colwell et al., 2023; Shu
et al., 2020). DNAm arrays used in most of these studies cover only a fraction of the human
methylome, and some potentially missed signals might be detected when advanced technologies
become affordable in the future (Shu et al., 2020; Stevenson et al., 2020).

For any DNAm analysis in bulk tissue, it is extremely important to take into account that differ-
ences in DNAm levels between samples can occur due to variation in the cell type composition
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(Jaffe & Irizarry, 2014; Ohgane et al., 2008). Cell type deconvolution algorithms can help to ad-
dress this issue in samples derived from heterogenous mixtures of cells (Titus et al., 2017). Above
that, single-cell studies are needed to further improve the understanding of cell type-specific ef-
fects (Karemaker & Vermeulen, 2018).

Overall, methods and approaches to use DNAm to better understand the pathways linking envi-
ronmental exposures and changes in phenotypes continue to develop. Several challenges — in-
volving tissue specificity and cell type adjustment, issues of power and comparability of findings,
genetic influences, stochastic epigenetic variation, functional impact and causality — have to be
addressed (Felix & Cecil, 2019; Poulsen et al., 2007). Despite these challenges, the field of pop-
ulation epigenetics is evolving, and is promising, especially in investigations of how earliest life
influences map to measurable molecular changes on the tissue level.

1.2.3.2 Epigenetic clocks as DNA methylation-based biomarkers

An important research aim in the field of population epigenetics is the development of DNAm-
based biomarkers. Biomarkers can be defined as objective, quantifiable characteristics of biolog-
ical processes (Strimbu & Tavel, 2010). They have been developed using DNAm data for different
fields of application (Nwanaji-Enwerem & Colicino, 2020; Wagner, 2022). The focus of this thesis
will be on a biomarker for aging, which is relevant for the concept of developmental programming
and gained popularity in the recent decade: the epigenetic clock.

Epigenetic clocks are designed to estimate biological age from DNAm at selected CpG sites
(Horvath, 2013; Horvath & Raj, 2018). They evolved from a combination of factors: the observa-
tion that DNAm changes with age, the better availability of large DNAm data sets, and the need
for biomarkers for aging (Horvath & Raj, 2018). The first two epigenetic clocks were developed
independently by Horvath (2013) and Hannum et al. (2013), and trained to predict chronological
age. The difference between chronological age and estimated DNAm age is referred to as age
acceleration or deceleration (Horvath, 2013). It can be interpreted as an epigenetic measure of a
relatively faster or slower biological aging process. Until now, several epigenetic clocks have been
built using different methods, tissues, outcome measures and purposes (see Bergsma & Ro-
gaeva, 2020; Declerck & Vanden Berghe, 2018; Oblak et al., 2021; Salameh et al., 2020; Topart
et al., 2020). These clocks contain different proportions of chronological and biological infor-
mation, and their specific focus might become more precise in the future (Bell et al., 2019; Berna-
beu et al., 2023; Field et al., 2018).

In adults, epigenetic aging has been related to a range of lifestyle factors and health-related phe-
notypes, including alcohol and cigarette consumption, diet, stress, sex, physical activity, neuro-
logical disorders, cancer and mortality (Dhingra et al., 2018; Galow & Peleg, 2022; Oblak et al.,
2021; Topart et al., 2020). Hence, by capturing molecular processes related to biological aging,
epigenetic clocks serve as powerful tools to study aging, development and health across the
lifespan (Godfrey et al., 2015; Ryan, 2020).

However, age-related DNAmM dynamics appear to be different in childhood as compared to later
life, and epigenetic clocks for pediatric populations are required (Alisch et al., 2012; Wang & Zhou,
2021). Childhood-specific epigenetic clocks were designed from blood (Wu et al., 2019) and buc-
cal cells (McEwen et al., 2019). Epigenetic clocks to estimate gestational age in newborns were
developed for cord blood (Bohlin et al., 2016; Haftorn et al., 2021; Knight et al., 2016), and pla-
cental tissue (Lee et al., 2019; Mayne et al., 2017). Nevertheless, both the clocks and studies
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applying them for the prenatal and early postnatal period have been underrepresented. For ex-
ample, no investigations have examined how gestational epigenetic age corresponds between
different tissues.

Yet epigenetic clocks are promising in evaluations of how environmental and contextual factors
(such as prenatal stress or pregnancy conditions) may relate to child development on a biological
level. For example, Knight et al. (2016) proposed that epigenetic gestational age can provide
information about the developmental state of the newborn. That is, accelerated epigenetic age at
birth might indicate higher developmental maturity. In more general terms, gestational epigenetic
age acceleration/deceleration could reflect epigenetic programming by early exposures, poten-
tially affecting neonatal outcomes (Wang & Zhou, 2021). Thus, while initially designed as molec-
ular biomarker for chronological age, epigenetic clocks have the potential to function as a useful
biomarker to evaluate the impact of early exposures and predict developmental outcomes from
early life onwards (Wang & Zhou, 2021).

1.3 Aims and results of this thesis

Previous sections have emphasized the impact of the earliest phase of human development on
future health, discussed epigenetic processes as essential mechanisms involved in developmen-
tal programming, and outlined the crucial role of the placenta for prenatal fetal development. At
the same time, the need for further insights into the human placenta and its complexity has been
addressed. Moreover, it has been established that DNAm itself is tissue specific (Varley et al.,
2013), which is essential to consider in any study using DNAm data. As one important tool for
studying human development and health across the lifespan, epigenetic clocks designed as bi-
omarkers from DNAm data have been introduced.

The first aim of this thesis is to investigate how a variety of prenatal and perinatal influences
associate with gestational epigenetic aging in different gestational and perinatal tissues. The sec-
ond aim is to advance the understanding of human placental tissue samples and how cell type
proportions can be considered and estimated from DNAm in these samples. Figure 2 depicts how
the studies are embedded in the research field. The following paragraph outlines their contribution
to filling current research gaps in more detail.

The first publication (Dieckmann et al., 2021) provides insights into epigenetic aging patterns in
both first trimester CVS, term placental tissue, and cord blood. Despite the promising role of epi-
genetic clocks in investigating aging and development, there is a lack of knowledge about the
characteristics of gestational epigenetic aging in newborns, especially regarding different tissue
samples and the relative contribution of different potential influences that may associate with ges-
tational epigenetic age. We used two Finnish cohort studies, with a total sample size of over 1,500
samples, to explore which variables were most strongly associated with gestational epigenetic
aging. Variables related to birth and pregnancy, as well as child and maternal characteristics were
considered. To predict epigenetic age acceleration/deceleration in the respective tissue with
these variables, we applied elastic net regression with bootstrapping. We found that relatively
higher or lower epigenetic age was not generally related to either more favorable or unfavorable
circumstances across the investigated tissues. Furthermore, the variables associated with the
relative epigenetic age differed between the tissues. Thus, an important conclusion from our find-
ings is that the estimated gestational epigenetic age should be interpreted as an attribute of the
specific tissue and should not simply be generalized to other newborn tissues. Even so,
knowledge about the factors related to biological aging patterns of a tissue is important and can
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offer even more specific insights into the early influences of human development (i.e., which in-
fluences may be particularly strong in this specific tissue). For future studies it would be interesting
to further investigate potential pathways from prenatal environment to epigenetic aging and post-
natal outcomes of specific variables identified to be important (such as child sex, birth length,
maternal smoking or mental disorders, parity and delivery mode). In such studies, results should
be interpreted in relation to the specific clock and tissue used.

As discussed previously, cell type proportions are extremely important for DNAm studies in bulk
tissues. Furthermore, advancing our understanding of placental epigenetic regulation would be
very valuable in the context of developmental programming, but it must be noted that the placenta
is a highly complex organ. In order to better understand the molecular profile of placental tissue,
we need to consider the related challenges. For instance, the placenta consists of a heterogene-
ous mix of cell populations within each sampling site (Bianco-Miotto et al., 2016; Lapehn &
Paquette, 2022); and the differences in the methylome of each cell type must be accounted for to
prevent biased study results (Jaffe & Irizarry, 2014). Although methods have been developed to
estimate cell type proportions from DNAm data, such approaches have not been validated in the
placenta (Wilson & Robinson, 2018).

The second publication (Dieckmann et al., 2022) aimed to evaluate available cell type deconvo-
lution methods for placental DNAm data and provide insights into estimated cell type composition
in placenta samples from different sources. We examined the performance of a newly available
reference-based cell type estimation approach (Yuan et al., 2021) together with an established
reference-free cell type estimation approach (Houseman et al., 2016) in first trimester (CVS) and
birth placenta samples, using three independent studies (InTraUterine sampling in early preg-
nancy (ITU), Prediction and Prevention of Preeclampsia and Intrauterine Growth Restriction
(PREDO), Betamethasone (BET) study), comprising over 1,000 samples. We found that both
reference-free and reference-based estimated cell type proportions contributed to the prediction
of DNAm levels. However, reference-based cell type estimation outperformed reference-free es-
timation for the majority of data sets and offers better interpretability by providing further insights
into possible histological differences between the placenta samples. In sum, our investigation
contributes to a better understanding of cell type compositions in human placenta samples that
are reflected in DNAm data. Furthermore, this study provides a resource for future study design
and interpretation of results involving human placental DNAm data.
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Figure 2. lllustration of the embedding of the projects included in this thesis into the research
field. Figure created with BioRender.com.

14 Limitations and outlook

Some of the limitations and challenges in the research field have already been mentioned. How-
ever, they should be addressed here with a greater focus on the studies included in this thesis
and combined with an outlook on future investigations.

As in most human epigenetic studies, the observations are correlative and generally findings
should be replicated. Replication can be challenging due to different cohort characteristics and
DNAm arrays, the complexity of placental sampling and other aspects of the study design. Nev-
ertheless, future studies must further evaluate both the robustness and generalizability of findings.
The increasing interest in placental tissue might offer new opportunities for such analyses as
larger study samples with placental tissue become available. Additionally, future studies could
further benefit from applying more standardized and optimized placental sampling techniques
(Burton et al., 2014).

The interpretation of epigenetic clock analyses largely depends on the design of the underlying
epigenetic clock. Epigenetic clocks contain both biological variation (signal) and technical varia-
tion (noise), which can be difficult to disentangle. In the future, novel computational solutions and
improved designs may further advance epigenetic clocks (Bernabeu et al., 2023; Galow & Peleg,
2022; Higgins-Chen et al., 2022). Apart from that, researchers are only beginning to grasp the
mechanisms behind epigenetic aging (Li et al., 2022; Wang & Zhou, 2021). To understand the
long-term impact of epigenetic age associations found in tissue samples assessed at birth, longi-
tudinal follow-up investigations are needed. Although it should be mentioned that the postnatal
environment needs to be further taken into account in those studies.
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Sex and genetic variation are among the most critical factors that are known to influence DNAm
(see Govender et al., 2022; Villicana & Bell, 2021). Particularly in studies involving placental tis-
sue, sex-specific differences were observed and should be further explored in future studies
(Andrews et al., 2022). Regarding genetic variation, methylation quantitative trait loci (meQTL)
provide a promising tool to investigate the links between genetic polymorphisms and DNAm dif-
ferences (Min et al., 2021). Moreover, integrating different levels of omics data could provide a
more complete picture of the molecular profile in a tissue (Kreitmaier et al., 2023). To this end,
we are currently investigating placental regulation with different quantitative trait loci (QTL) in the
ITU cohort. More specifically, we integrate genetic, epigenetic and transcriptomic data using ex-
pression quantitative trait loci (eQTLs), expression quantitative trait methylation (eQTM) and
meQTLs in both first trimester (CVS) and birth placental tissue. In general, we identified more
QTL associations in birth placenta compared to CVS, while the direction of effects was prepon-
derantly congruent in both tissues. This implies that there are early established genetic regulatory
influences that remain stable, while there is an overall increase in the number of regulatory rela-
tions among genome, methylome and transcriptome throughout gestation. Furthermore, we will
explore how the genetic polymorphisms linked to the quantitative molecular traits overlap with
genome-wide association studies (GWAS). This will not only help to understand placental genetic
regulation during different pregnancy stages, but also constitutes an important step towards un-
derstanding the association of placental regulation with health and disease.

1.5 Conclusion

The studies included in this thesis provide critical insights into the epigenomic profile of gestational
and perinatal tissues. They contribute to the investigation of biological pathways involved in de-
velopmental programming and approaches to design future studies. Various factors can influence
early development, and the impact of several of these factors on epigenetic aging of cord blood
and placental tissue was explored. Importantly, not only term placenta but also first trimester pla-
cental biopsies were examined. Furthermore, estimated cell type proportions from DNAm were
characterized in different placental tissue samples. This is highly relevant for any epigenetic study
involving DNAm in bulk placental tissue. The placenta is possibly the most central tissue to un-
derstand the epigenetic mechanisms involved in developmental programming (Lapehn &
Paquette, 2022; Marsit, 2016), and is proposed to show an environmental ‘memory’ of the cir-
cumstances during pregnancy (Novakovic & Saffery, 2012). Thus, studies investigating the rela-
tionship among the placenta, epigenetics, and developmental programming will likely increase in
the coming years. A more complete understanding of the molecular landscape of placental tissue
promises to advance the identification of the factors and pathways crucial for healthy child devel-
opment. Ultimately, this should contribute to better prevention and healthcare programs in the
future, providing children the best possible start in life.
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Abstract
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Background: Epigenetic clocks have been used to indicate differences in biological states between individuals of
same chronological age. However, so far, only few studies have examined epigenetic aging in newborns—especially
regarding different gestational or perinatal tissues. In this study, we investigated which birth- and pregnancy-related
variables are most important in predicting gestational epigenetic age acceleration or deceleration (i.e, the deviation
between gestational epigenetic age estimated from the DNA methylome and chronological gestational age) in cho-
rionic villus, placenta and cord blood tissues from two independent study cohorts (ITU, n =639 and PREDO, n = 966).
We further characterized the correspondence of epigenetic age deviations between these tissues.

Results: Among the most predictive factors of epigenetic age deviations in single tissues were child sex, birth length,
maternal smoking during pregnancy, maternal mental disorders until childbirth, delivery mode and parity. However,
the specific factors related to epigenetic age deviation and the direction of association differed across tissues. In
individuals with samples available from more than one tissue, relative epigenetic age deviations were not correlated

Conclusion: Gestational epigenetic age acceleration or deceleration was not related to more favorable or unfavora-
ble factors in one direction in the investigated tissues, and the relative epigenetic age differed between tissues of the
same person. This indicates that epigenetic age deviations associate with distinct, tissue specific, factors during the
gestational and perinatal period. Our findings suggest that the epigenetic age of the newborn should be seen as a
characteristic of a specific tissue, and less as a general characteristic of the child itself.

Keywords: Epigenetic clocks, Early development, Epigenetic age, Perinatal tissues, Cord blood, Placenta, Chorionic

Background

DNA methylation (DNAm) is considered a biomarker
of aging, with the potential to uncover differences in the
biological age between individuals of the same chrono-
logical age [1, 2]. Epigenetic clocks make use of individ-
ual methylation patterns to estimate epigenetic age, and
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deviations between chronological and epigenetic age
can be used to calculate relative epigenetic age accelera-
tion (epigenetic age older than chronological age) and
epigenetic age deceleration (epigenetic age younger than
chronological age) in underlying tissues [3-5]. Com-
monly, these measures of epigenetic aging are calculated
as the residuals of regressing predicted epigenetic age on
chronological age, also called epigenetic age acceleration
residuals (EAAR).

Epigenetic age acceleration has been linked to dif-
ferences in long-term health outcomes and all-cause
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mortality in adults [6—8]. Changes in DNA methylation
status have been proposed to be a mechanism by which
environmental influences may become biologically
embedded [9-11], and in fact, epigenetic age has been
shown to be moderated by environmental exposures and
lifestyle risk factors, such as education, body mass index
(BMI), nutrition and smoking, among others [12-14].
These findings underscore the utility of epigenetic clocks
as a means to investigate aging processes in general, and
how these relate to environmental exposures and nega-
tive health outcomes or diseases. However, despite the
sensitivity to and importance of epigenetic programming
during the early developmental period [15, 16], studies
investigating epigenetic age during the earliest phase of
life are still underrepresented.

Various epigenetic clocks have been developed, for
different tissues, ages and purposes [7, 17-19]. Specifi-
cally for the gestational period, two clocks for cord blood
[20, 21], as well as two clocks for placental tissue [22, 23]
have been established. For gestational epigenetic age esti-
mation in cord blood, both the Knight [20] and Bohlin
[21] clocks have been used in previous studies. Apply-
ing Knight’s clock, epigenetic age deceleration has been
linked to exposure to negative pregnancy environments
including insulin-treated gestational diabetes mellitus
in a previous pregnancy, maternal history of depression
and greater antenatal depressive symptoms, maternal
Sjogren’s syndrome and a prenatal adverse environment
assessed with the cerebroplacental ratio, as well as nega-
tive prospective child outcomes such as early childhood
psychiatric problems [24-26]. These findings, together
with the observation that epigenetic age acceleration was
related to a lower need of respiratory interventions, led
to the hypothesis that gestational epigenetic age decel-
eration may be related to a lower developmental matu-
rity [27]. This seems to be supported by results from the
Bohlin clock, where epigenetic age acceleration has been
associated with higher birth weight and length [28], as
well as higher head circumference, vaginal delivery, male
sex and higher maternal pre-pregnancy BMI [29]. How-
ever, epigenetic age acceleration has also been associated
with lower birth length, a lower 1-min Apgar score, fetal
demise in a previous pregnancy, maternal preeclampsia,
maternal age over 40 years at delivery and treatment with
antenatal betamethasone [24], thus not supporting this
hypothesis. Despite that, it should be noted that it was
recently shown that CpGs relevant for epigenetic aging in
general were linked to developmental processes [30].

Regarding placental tissue, Mayne et al. [23] found
epigenetic age acceleration to be associated with early
onset preeclampsia. Another study using Mayne’s
clock reported a link between higher epigenetic age
acceleration in the placenta and lower fetal weight and

Page 2 of 17

other growth measures among males, but increased
fetal weight and growth among females [31]. Further-
more, placental epigenetic age deceleration has been
associated with maternal weight gain during preg-
nancy, and for mothers of male offspring with pre-
pregnancy obesity and higher blood pressure [32]. So
far, to our knowledge, no comparable studies were per-
formed with the placental clock presented by Lee [22].
Although research in this field is growing since the
development of perinatal tissue clocks, studies consid-
ering different available clocks, and various birth- and
pregnancy-related variables in a combined fashion, are
largely lacking. More studies are needed to achieve a
better understanding of the associations of epigenetic
age deviations in perinatal tissues with exposures and
outcomes, and especially how these deviations compare
across tissues. Such insights are critical to gain a better
knowledge of aging and developmental processes dur-
ing the earliest phase in life and may help to find inter-
vention strategies in the long term.

The aim of this explorative study was to I) identify fac-
tors among various birth- and pregnancy-related vari-
ables which are most predictive of epigenetic (DNAm)
age acceleration or deceleration in first trimester pla-
cental tissue derived from chorionic villus sampling
(CVS), term placenta and cord blood collected at birth,
and II) characterize the relationship between epigenetic
age deviations across gestational and perinatal tissues
from the same individuals.

We used data from two independent Finnish cohorts,
the intrauterine sampling in early pregnancy study
(ITU), and the prediction and prevention of preeclamp-
sia and intrauterine growth restriction study (PREDO).
We assessed gestational epigenetic age in early-preg-
nancy CVS samples, and cord blood and fetal-side or
decidual-side placental tissue sampled at birth (ITU:
693 individuals and 1176 tissue samples from CVS and/
or term fetal placenta and/or cord blood, PREDO: 966
individuals and 1083 samples from term decidual pla-
centa and/or cord blood). We calculated the epigenetic
age with both available clocks per tissue, and applied
Bohlin’s clock for cord blood [21] and Lee’s clock for
placenta [22], based on better accuracy metrics of these
clocks in the data sets. The predictive power of sev-
eral birth- and pregnancy-related variables for a higher
or lower deviance between estimated epigenetic and
chronological gestational age (GA) was tested in every
tissue separately, and finally, cross-tissue correlations
were evaluated.

To the best of our knowledge, this is the first study
of epigenetic age in CVS samples, and across multi-
ple gestational/perinatal tissues assessed from the same
individuals.
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Methods

Study populations

The intrauterine sampling in early pregnancy study
(ITU) consists of Finnish women and their chil-
dren born between 2012 and 2017. The women were
recruited through the national voluntary prenatal
screening program for trisomy 21, available for all preg-
nant women in Finland free of charge.

ITU study comprises two study arms. 1) Women
in the chromosomal testing arm had been referred
to the Helsinki and Uusimaa Hospital District Feto-
maternal Medical Center (FMC) because they had
an increased risk of fetal chromosomal abnormalities
based on routine serum and ultrasound screening, age,
and patient history. They underwent fetal chromosomal
testing (CVS, amniocentesis, or noninvasive prena-
tal testing) at FMC. Women were informed about the
study during FMC visits. If the chromosomal test indi-
cated no fetal chromosomal abnormalities, those who
had expressed interest in participating were contacted
for final recruitment. Those whose chromosomal test
results suggested a fetal chromosomal abnormality
were not recruited. 2) Women in the no chromosomal
testing arm underwent the same routine screening for
fetal chromosomal abnormalities. Based on their serum
and ultrasound screening, age and patient history,
they were not referred to FMC for fetal chromosomal
testing. The women were informed about ITU when
attending the routine screening at maternity clinics.
Women who expressed interest in participating were
contacted for final recruitment into this study. Both
study arms provided placenta and cord blood samples
for this study. CVS tissue was only acquired from the
chromosomal testing arm participants who underwent
CVS sampling at FMC.

The Prediction and Prevention of Preeclampsia and
Intrauterine Growth Restriction (PREDO) study is a
longitudinal multicenter pregnancy cohort study of
Finnish women and their singleton, born-alive chil-
dren between 2006 and 2010 [33]. The recruitment
took place when the mothers attended their first ultra-
sound screening in early pregnancy. The PREDO com-
prises two subsamples: the clinical arm recruited based
on having risk factors for preeclampsia and intrauter-
ine growth restriction, and the epidemiological arm
recruited from study hospitals independently of the
presence of risk factors.

All participating women in both cohorts signed writ-
ten informed consent forms for them and their children
to participate in the study. The consents enabled linkage
of nationwide health register data using unique personal
identification numbers assigned to all Finnish citizens
and permanent residents since 1971.
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Sampling of biological tissues
In ITU, CVS samples were taken based on medical indi-
cation between 10-15 weeks of gestation. Any CVS
surplus tissue, not needed for clinical purposes, was
immediately stored at — 80°C.

Placenta samples were collected after birth and mid-
wives/trained staff took nine-site biopsies (within maxi-
mum 120 min after delivery for ITU, and maximum
90 min after delivery for PREDO). In ITU, placental
samples were taken from the fetal side of the placenta, at
2-3 cm from umbilical cord insertion and the biopsies
were first stored at+ 5 °C and then at — 80 °C. In PREDO,
samples were taken from the decidual side of the placenta
and immediately stored at — 80 °C.

For both ITU and PREDO, cord blood samples were
taken immediately after birth by a midwife.

DNA methylation

From the collected samples, DNA was extracted accord-
ing to standard procedures. Methylation analyses were
performed at the Max Planck Institute of Psychiatry in
Munich, Germany. We aimed to use 400 ng DNA for
bisulfite-conversion with the EZ-96 DNA Methylation
kit (Zymo Research, Irvine, CA). For n=71 CVS sam-
ples, this was not feasible and we used lower amounts of
DNA (from 48 ng upward). We saw no relation between
the amount of DNA and our quality control measures.
DNA samples were run on the Illumina Infinium Meth-
ylationEPIC array (Illumina, San Diego, USA), and for
an additional set of cord blood samples from PREDO
on the Infinium HumanMethylation450 BeadChip (Illu-
mina, San Diego, USA). In total, methylation levels
were assessed in n=277 CVS samples, n=500 placen-
tal samples and n=437 cord blood samples from ITU
(all assessed on the EPIC array), and in n=140 placen-
tal samples and n=160 cord blood samples (EPIC array)
and an additional n=_876 cord blood samples processed
with the 450 K array from PREDO.

Preprocessing of all methylation samples was con-
ducted using the same pipeline [34] and the R package
minfi [35]. Scan intensity signals as stored in.idat files
were loaded into R and transformed into beta-values.

Samples with a mean detection p value>0.05 were
excluded (ITU: eight for CVS, one for placenta, none for
cord blood; PREDO: none for placenta, three for cord
blood run on EPIC, three for cord blood run on 450 K).
Additionally, we excluded samples presenting with dis-
tribution artifacts in raw beta-values (ITU: five for CVS,
nine for placenta, one for cord blood; PREDO: none for
placenta, three for cord blood run on EPIC, eight for
cord blood run on 450 K), as well as samples showing
sex mismatches between estimated sex (using the getSex
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function) from methylation data and confirmed phe-
notypic sex (ITU: none for CVS, four for placenta, one
for cord blood; PREDO: one for placenta, four for cord
blood run on EPIC, n=19 for cord blood run on 450 K).
Further n=20 samples needed to be excluded from the
PREDO cord blood data set run on the 450 K array due
to technical artifacts. Beta-values were normalized using
stratified quantile normalization [36], followed by BMIQ
[37]. Afterward, beta-values were transformed into M
values, and batch-effects were removed using Combat
[38]. For this, we computed a principal component anal-
ysis (PCA) on the M values and checked which batches
were most strongly associated with the principal com-
ponents. The strongest batches for the respective data
set were iteratively removed (for ITU these were plate,
array and slide in CVS; plate, slide and array in placenta;
and plate and array in cord blood; for PREDO these were
plate, array and slide in placenta; plate and array in cord
blood run on the EPIC array; plate and array in cord
blood run on the 450 K array). Corrected M values were
re-transformed into beta-values.

In a next step, we applied MixupMapper [39] to the
genotype and methylation data to check for possible sam-
ple mix-ups. Mix-ups occurred solely in the PREDO cord
blood data set from 450 K array and n =12 samples were
removed.

For cord blood samples, contamination with maternal
blood was tested [40] and samples identified as contami-
nated were excluded from further analyses (ITU: nine
for cord blood; PREDO: one for cord blood run on EPIC,
n=19 for cord blood run on 450 K).

The final data sets from ITU comprise 264 samples
from CVS, 486 samples from placenta and 426 samples
from cord blood. The final data sets from PREDO com-
prise 139 samples from placenta, 149 samples from cord
blood from EPIC and 795 samples from cord blood from
450 K.

The final data sets with sample sizes are illustrated in
Fig. 1.

Gestational epigenetic and chronological age

Gestational epigenetic age (DNAm GA) was estimated
for cord blood using both the methods proposed by
Knight et al. [20] and Bohlin et al. [21]. For Knight’s clock,
the estimation of DNAm GA was based on the methyla-
tion profile of 142 from the original 148 CpGs, due to the
lack of 6 CpGs on the EPIC array. Excluding the missing
CpGs from the calculation was also recommended by the
authors [20], who reported a high correlation between
estimates from the full and reduced epigenetic age pre-
dictor. For the calculation of DNAm GA with Knight’s
clock, we applied the script provided by the authors on
the raw, un-normalized data. For Bohlin’s clock, the
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estimation of DNAm GA was constituted on 88 from
96 CpGs, also following from differences between the
underlying arrays. DNAm GA in chorionic villi and pla-
centa samples was estimated using 558 CpGs proposed
by Lee et al. [22]. Additionally, we estimated DNAm GA
using 57 CpGs available on the EPIC array from the origi-
nal 62 CpGs determined by Mayne et al. [23]. A list of the
CpGs missing on the EPIC array for the respective clocks
can be obtained from Additional file 1.

Child chronological gestational age (GA) was based on
fetal ultrasound, performed before 24+ 0 weeks of gesta-
tion and extracted from the Finnish Medical Birth Regis-
ter (MBR).

Cell-type composition estimations

Cell-type composition into seven cell types (nucleated
red blood cells, granulocytes, monocytes, natural killer
cells, B cells, CD4(+) T cells and CD8(+) T cells) in cord
blood was estimated in minfi based on the approach pro-
posed in Gervin, Salas [41].

Cell-type composition into six cell types (nucleated
red blood cells, trophoblasts, syncytiotrophoblasts, stro-
mal, Hofbauer, endothelial) in CVS and placenta was
estimated using a recently published reference [42] and
implementation within the R package planet, by applying
the robust partial correlation algorithm [43].

The mean estimated cell types for every data set are
given in Additional file 2.

Genotyping and ancestry-related information
Genotyping was performed on Illumina GSA-24v2-0_A1l
arrays for ITU, and on Illumina Human Omni Express
Arrays for PREDO, according to the manufacturer’s
guidelines (Illumina Inc., San Diego, CA). Quality con-
trol was performed in Plink 1.9 [44] and R [45]. DNA was
extracted from cord blood, if available, otherwise placen-
tal tissue was used. SNPs with a minor allele frequency
below 1%, a call rate below 98%, or with deviation from
Hardy—Weinberg-Equilibrium with a p value<1x 107
were removed from the analysis. Furthermore, SNPs
mapping to multiple locations as well as duplicated vari-
ants were removed. Individuals with a genotype call-
rate below 98% were also excluded. Any pair of samples
with IBD estimates>0.125 was checked for relatedness.
Within PREDO, high IBD estimates could be resolved
due to shared ethnical origin of these individuals except
for one pair. From this pair, we excluded one sample from
further analysis. In ITU, seven samples were removed.
Furthermore, individuals showing discrepancies between
phenotypic and genotypic sex (one in PREDO, none in
ITU) were removed.

To retrieve ancestry-related information, we performed
multi-dimensional scaling (MDS) analysis on the IBS
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ITU
Cord blood
n =426
73
390
66
CVS
n =264
86 Placenta
(fetal side)
n =486
PREDO
Cord blood
(450K)
n =795
Placenta Cord blood
(decidual side) 117 (EPIC)
n =139 n =149
Fig. 1 Sample overview for both cohorts used. Samples with methylation data available from different tissues in ITU and PREDO. In total, the ITU
data set comprised 693 individuals after QC, with 264 CVS, 486 fetal placenta and 426 cord blood samples. For some individuals, samples were
available from several tissues, indicated by overlapping circles. The final PREDO data set comprised 171 individuals after QC processed with the EPIC
array, and additional 795 individuals processed with the 450 K array. From the EPIC data, 139 samples were available from placenta, and 149 samples
from cord blood. The number of individuals with data from both tissues is again illustrated by the overlapping circles

matrix of quality-controlled genotypes [46], where avail-
able. Outliers, defined as samples presenting with a posi-
tion on any of the first ten axes of variation deviating
more than four standard deviations from the respective

axis’ mean, were iteratively removed until no more outli-
ers were detected. Afterward, individuals presenting with
heterozygosity values more than four standard deviations
away from the mean heterozygosity were also iteratively
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removed (none in PREDO, two in ITU). The first two
components were extracted and included as covariates
in following analyses. In total, ancestry-related informa-
tion for ITU was available from 587 of the 693 individuals
included in our analyses, for 148 of the 171 individuals
from PREDO with methylation data from the EPIC array,
and for 787 of the 795 individuals from PREDO with
methylation data from the 450 K array.

Birth- and pregnancy-related variables
We included 14 birth- and pregnancy-related variables
which were available for all tissues in both data sets.

In both cohorts, child sex, birth weight (kg), birth
length (cm) and birth head circumference (cm) were
measured at birth and data were extracted from the
MBR. Maternal age (years) at delivery, early pregnancy
BM]I, calculated from weight and height verified by meas-
urement at the first antenatal clinic visit, smoking during
pregnancy (yes or no), parity (primiparous or multipa-
rous), mode of delivery (unaided vaginal delivery or aided
delivery, including breech, forceps, vacuum, cesarean
section), and induction of labor (yes or no) were obtained
from the MBR. Diagnoses of maternal diabetes disorders
(ves for both types I & II, as well as gestational diabetes
[ICD-10: E08-E14, O24] or none) until childbirth, and
hypertensive pregnancy disorders such as gestational
hypertension or pre-eclampsia in the current pregnancy
(yes [ICD-10: O10-O14] or no), were extracted combin-
ing data from the MBR and the Finnish nationwide Care
Register for Healthcare (CRHC). The CRHC carries pri-
mary and subsidiary diagnoses of all inpatient and outpa-
tient hospital visits in Finland and from all treatments in
specialized public outpatient care in Finland. In PREDO,
the CRHC and MBR diagnoses were confirmed by a clini-
cal jury, which comprised two physicians and a study
nurse. Diagnoses of any maternal mental or behavioral
disorder [ICD-8 and ICD-9: 290-319; ICD-10: F00-F99]
until child birth were extracted from the CRHC. Alcohol
use during early pregnancy was reported by the moth-
ers (for PREDO around gestational week 12—13, for ITU
around gestational week 20).

Statistical analyses
All statistical analyses were conducted in R version 4.0.2
[45].

Measuring deviations between epigenetic age

and chronological age

In previous studies, two measures of epigenetic age accel-
eration were considered, one based on the raw differ-
ence between DNAm age and chronological age, and the
other calculated as the residuals from regressing DNAm
age on chronological age. While the former provides a
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more intuitive interpretation and the investigation of
the disjunct effects of epigenetic age, the latter is pref-
erable in terms of its statistical properties—it addresses
the dependency of age acceleration on chronological age
and is comparable across studies. Therefore, we defined
the deviation between gestational epigenetic age (DNAm
GA) and chronological gestational age (GA) in all statis-
tical models as the residuals (epigenetic age acceleration
residuals, EAAR) resulting from regressing DNAm GA
on GA, cell types of the respective tissue and the first
two ancestry-related components derived from geno-
typic information. A positive EAAR value suggests faster
biological aging, i.e., a higher epigenetic than chrono-
logical age (epigenetic age acceleration), and a nega-
tive EAAR value suggests slower biological aging, i.e., a
lower epigenetic than chronological age (epigenetic age
deceleration).

Identification of factors impacting epigenetic age
acceleration/deceleration per tissue

Our aim was to identify those of the available birth- and
pregnancy-related variables that were most predictive of
higher or lower EAAR. Without sufficient prior informa-
tion enabling a hypothesis-driven selection of predictors,
we decided to choose an appropriate data-driven variable
selection method. Further, to reduce confounding effects,
all predictors were evaluated in one model and correla-
tions between predictors (see Fig. 2 for an overview) were
considered, using elastic net regressions combined with
a bootstrap approach for an evaluation of robustness.
Separate models were run for all tissues, and cohorts,
including placental models from ITU (fetal) and PREDO
(decidual).

For every model, all predictor variables and the out-
come variable (EAAR) were z-standardized, to ensure
that the penalization was fair to all regressors and to ena-
ble the interpretation of the size of coefficients in terms
of importance. Further, only complete observations were
included. Bootstrapping was performed with 1000 boot-
strap samples on every input data set. On every bootstrap
sample, an elastic net regression was fitted with the R
package ensr [47], which is built on glment [48]. Hyper-
parameters were selected by tenfold cross-validation,
default lambda values (n=100) and a sequence of 11
alpha values between 0 and 1 (by steps of 0.1). The out-
put was grouped by bootstrap and number of non-zero
coefficients (nzero) resulting from the different alpha lev-
els. Of these, the models with minimum mean cross-val-
idation error (cvm) with the respective parameters were
chosen as best models (for every bootstrap and number
of nzero). Afterwards, the percentage of a variable being
not zero was calculated over all bootstrap samples for
every number of nzero. Further, the median cvm over the
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Fig. 2 Pearson correlations among the predictor variables for TU
(N=693) and PREDO (N=171)

bootstrap samples was plotted for every number of nzero.
At this point, a final number of nzero must be chosen,
with a necessary trade-off between model complexity and
error (bias-variance tradeoff [49]). To aid the decision of
non-zero coefficients in smoothly decreasing curves, we
looked at the elbow in the plot of the median cvm for
every nzero, by using a function drawing a straight line
from the first to the last point of the curve and finding
the data point farthest away from this line. This point
can indicate the position of most decreasing cvm. The
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respective number of nzero can be used for further anal-
ysis steps. Due to the bootstrapping procedure, there
was still variation in the variables and their coefficients
in the final model. If a predictor was selected in>75% of
the bootstrap samples, we declared it as sufficiently sta-
ble and important. This approach for variable selection
was referred to as variable inclusion probability (VIP) in
a previous paper, where the authors used a comparable
method for neuroimaging data [50]. The median coef-
ficients and 95% confidence intervals over bootstraps,
when the variable was not zero, were also calculated. An
illustration of the analysis steps is given in Additional
file 3.

Replication of cord blood findings between cohorts

To evaluate the predictability of the chosen predictors
in ITU in the PREDO data set, the median coefficients
of the identified variables in ITU were used to predict
EAAR in PREDO. The one-tailed Pearson correlation
between predicted and observed EAAR values was cal-
culated. Additionally, we performed the same elastic net
analysis applied in ITU cord blood data independently
in the PREDO cord blood data sets to confirm that the
directions of associations are consistent with those
observed in ITU (Additional file 4).

Cross-tissue analyses

Pearson correlations for both DNAm GA and EAAR
were calculated between cord blood and placenta, as well
as between CVS and placenta and CVS and cord blood,
for persons with multiple tissue sample available. To test
if there are significant differences in mean age accel-
eration or deceleration between the tissues, we applied
paired Student’s t tests, or paired Wilcoxon signed-rank
test, between EAAR values of the respective tissues.

Complementary analyses

It has been reported that child sex can be an impor-
tant factor when considering how placenta function is
affected by direct environmental factors [51], and sex dif-
ferences in epigenetic aging have been reported [31, 32].
Therefore, we repeated our analyses in placenta stratified
by sex as described in Additional file 5.

Additionally, information about maternal alcohol use
during pregnancy was only available in 580 samples from
ITU, 153 samples from the EPIC array in PREDO and
693 samples from the 450 K array in PREDO.

To avoid larger reductions in sample size for the
remaining predictors, we did not include this variable in
the main models per tissue, but provide it in supplemen-
tary analyses (Additional file 6).
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Results
A summary of characteristics of the available data sets is
given in Table 1.

Performance of epigenetic clocks in the investigated
tissues

We first evaluated the performance of the two epigenetic
clocks for cord blood [20, 21] and for placenta [22, 23]
in our sample. The clocks differ in the included CpGs,
and only share two CpGs (cg07816074, cgl6536918;
cord blood clocks) with negative weights, and one CpG
(cg00307685; placenta clocks) with positive weight,
respectively. Nevertheless, we observe high Pearson cor-
relations in DNAm GA between the cord blood clocks
(r=0.77, p<0.001 for ITU; r=0.76 p<0.001 for PREDO
EPIC data; r=0.51, p<0.001 for PREDO 450 K data), and
a medium to high Pearson correlation in the placenta
clocks (r=0.44, p<0.001 for ITU; r=0.48, p<0.001 for
PREDO). Scatter plots are provided in Additional file 7:
Figure S5.

To evaluate the accuracy of an epigenetic clock, three
main metrics have been proposed: the average difference
between DNAm age and chronological age, the median
absolute difference between DNAm age and chrono-
logical age, and the correlation between DNAm age and
chronological age [4]. As shown in Table 2, the overall
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accuracy of the clocks was satisfactory, with relatively
low median absolute deviations and high Pearson cor-
relations between DNAm age and chronological age (see
Additional file 7: Figure S6 for scatter plots). It is evident
from these statistics that the estimations were more pre-
cise for cord blood as compared to placenta. Further-
more, Bohlin’s clock outperformed Knight’s clock for
cord blood and Lee’s clock outperformed Mayne’s clock
for placenta for all of the named criteria. Based on this,
all following analyses were conducted with Bohlin’s clock
for cord blood and Lee’s clock for placenta. Between
these clocks, there is no overlap in the underlying CpGs.

Factors impacting the relative epigenetic age

in gestational and perinatal tissues

The association between epigenetic age acceleration
residuals (EAAR) and birth- and pregnancy-related vari-
ables was tested for cord blood, CVS and placenta tissue
separately. The results of the elastic net regressions are
summarized in Fig. 3, and further statistical parameters
can be found in Additional file 9.

Analyses in cord blood

Cord blood in ITU Cord blood samples from ITU
with full observations were available for 385 newborns.
As described previously in the Methods section, nzero

Table 1 Characteristics of available data sets: Mean (SD) or N (%) for every variable

ITU

PREDO

Cord blood CVS

Placenta (fetal)

Cord blood (EPIC) Cord blood (450 K) Placenta (decidual)

Sample size 426 264 486 149 795 139
Gestational age (weeks) 40.04 (1.55) 12.79(0.82) 39.99 (1.60) 39.87 (1.42) 39.74 (1.67) 39.89 (1.43)
Maternal alcohol use, yes© 40 (10) 24 (14) 48 (10) 16 (12) 115(17) 17 (14)
Maternal smoking, yesa'b 18 (4) 29(11) 20 (4) 13(9) 32(4) 13(9)
Maternal mental disorders, yes 46 (11) 26 (9) 55(11) 20(14) 63 (8) 18 (13)
Maternal diabetes, yes* © 93 (22) 57 (22) 105 (22) 26 (17) 222 (28) 20 (14)
Maternal hypertensive disorder, yes* b 26 (6) 23(9) 28 (6) 36 (24) 272 (34) 33 (24)
Maternal BMI® b 2394 (4.21) 24.20(4.27) 23.82(4.16) 2523 (5.76) 2738 (6.30) 24.85 (5.79)
Maternal age (years)* b.c 3470 (4.81) 3496 (5.75) 34.59 (4.86) 32.13(5.00) 33.33(5.74) 32.04 (5.17)
Multiparous, yesb'C 193 (45) 153 (58) 235 (48) 85 (57) 558 (71) 74 (53)
Induced labor, yes 114 (27) 66 (25) 125 (26) 37 (25) 240 (30) 31(22)
Delivery mode, aided? 129 (30) 87 (33) 145 (30) 51 (35) 233 (30) 55 (40)
Head circumference (cm) 35.10(1.52) 35.04(1.73) 35.07 (1.62) 35.21(1.36) 35.13(2.15) 35.19(1.34)
Birth length (cm)®® 50.23(2.20) 50.13(2.24) 50.17 (2.40) 49.77 (2.48) 50.21 (2.44) 49.65 (2.53)
Birth weight (g)® 3532(489) 3489 (526) 3534 (509) 3454 (519) 3546 (559) 3425 (523)
Child sex, female 210 (49) 124 (47) 238 (49) 73 (49) 372 (47) 72 (52)

Differences in predictor variables between the ITU and PREDO data sets were tested using t tests for continuous variables and Chi? tests for categorical variables.
Variables that showed nominal statistically significant differences (p <.05) are indicated as follows:

2 For difference between ITU placenta vs. PREDO placenta data sets
b For difference between ITU cord blood vs. PREDO EPIC cord blood data sets
¢ For difference between ITU cord blood vs. PREDO 450 K cord blood data sets
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Table 2 Performance metrics of the four clocks in all available tissues
Cord blood Bohlin’s clock Knight’s clock

DNAm GA A DNAmM GA r DNAm GA A DNAmM GA r

M SD M SD MAD M SD M SD MAD
ITU 39.80 0.93 —023 0.94 092 83* 3891 147 —1.13 1.19 1.17 69*%
PREDO (EPIC) 39.72 0.84 —0.16 0.90 0.98 80* 39.23 1.39 —0.64 1.05 0.88 2%
PREDO (450 K) 38.84 1.14 —0.90 1.19 1.02 70* 3844 2.02 —1.29 1.90 1.55 48*

Lee’s clock Mayne’s clock

DNAmM GA A DNAmM GA DNAmM GA A DNAM GA
Placenta M SD M SD MAD r M SD M SD MAD r
ITU CVS 10.55 148 — 224 1.14 1.07 64% 11.69 1.81 —1.09 1.63 157 A3*
ITU Placenta 3853 1.40 — 145 141 1.29 .56* 32.68 191 — 731 191 173 28%
PREDO 38.03 1.25 —1.85 1.24 1.10 58% 31.69 144 —8.19 1.56 1.63 A%

M =mean; SD = standard deviation; MAD = median absolute deviation; r=Pearson correlation coefficient for DNAm GA and chronological GA; DNAm GA =DNA
methylation gestational age; A DNAm GA =raw difference between estimated DNA methylation gestational age and chronological gestational age (measured in

weeks)
" p<0.001

(number of non-zero coefficients) of the elastic net model
was chosen by finding the most decreasing median cvm
(minimum mean cross-validation error) across bootstrap
samples. If a predictor was selected in>75% of bootstrap
samples in this model, we declared it as sufficiently stable.
For cord blood data from ITU, the model was chosen with
nzero=29, and five variables were selected in a sufficiently
stable manner: maternal smoking (97% of bootstrap sam-
ples), maternal mental disorders (83%), delivery mode
(87%), birth length (95%) and female sex (84%). Maternal
smoking, maternal mental disorders, aided delivery and
higher birth length were associated with relatively higher
EAAR; female sex was associated with relatively lower
EAAR (see Fig. 3a).

Replication of cord blood findings in PREDO  Cord blood
data were available from both cohorts which enabled a test
of the performance of these predictors identified in ITU
in an independent cohort (PREDO). In PREDO, 144 sam-
ples had complete data from the EPIC array, and 766 from
the 450 K array. The beta matrix of median coefficients
derived from the final model in ITU was used for a pre-
diction of EAAR in PREDO. The one-tailed Pearson cor-
relation between predicted and true EAAR was r=0.24,
p=0.002 for the EPIC array and r=0.11, p=0.002 for
the 450 K array (Additional file 8: Fig. S7), supporting
that the predictors of EAAR identified in the ITU cohort
can be predictive for relative epigenetic age acceleration/
deceleration in independent cohorts and different array
platforms. We then further analyzed the PREDO data sets
independently (Additional file 4) and compared the results
with those from ITU. The direction of effects between the
predictors and EAAR was consistent across cohorts; how-

ever, the strength of the associations and most predictive
variables varied between data sets.

Analyses in placental tissues

CVS in ITU For CVS, 195 samples were available with
full information for all predictor variables and EAAR. The
elastic net regression model with nzero=8 was chosen.
Maternal smoking was the only variable with non-zero
coefficients in more than 75% of the bootstrap models
(81%), and associated with relatively higher EAAR (see
Fig. 3b).

Placenta (fetal) in ITU For fetal placenta in ITU, 427
complete observations were available, and the model with
nzero="7 was chosen. In this model, three variables had
non-zero coefficients in>75% of the bootstrap models:
Child sex (99%), parity (78%) and maternal mental dis-
orders (82%). Maternal mental disorders were associated
with relatively higher EAAR, while being multipara and
female sex of the child were related to relatively lower
EAAR (see Fig. 3¢).

Placenta (decidual) in PREDO For decidual placenta,
the model could be built from 117 samples, and nzero=6
was selected. In this model, maternal mental disorders
occurred sufficiently stably over the bootstrap samples
(96%) and were associated with relatively lower EAAR
(see Fig. 3d).

Complementary analyses

Separate analyses for male and female placentas are
described in detail in Additional file 5. These analyses
showed that the strength of association of predictors
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Fig. 3 Outcomes of elastic net regression models in different tissues. Associations between birth- and pregnancy-related variables (predictors)
and EAAR (adjusted for gestational age at time of sampling, cell types and ancestry-related information). Depicted are the percentages of variable
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Dieckmann et al. Clin Epigenet (2021) 13:97

with epigenetic age acceleration/deceleration can dif-
fer between males and females. Further, some predictors
showed tendencies of different directions of associations
between males and females, but as these patterns were
not sufficiently stable and strong in our analyses, this
needs to be confirmed with larger sample sizes in future
studies.

We additionally report analyses including maternal
alcohol use (smaller sample sizes, n=367 in cord blood,
n=133in CVS, n=412 in placenta from fetal side (ITU),
and n=106 in placenta from decidual side (PREDO)) in
Additional file 6. Overall, maternal alcohol use does not
seem to be strongly related to epigenetic age acceleration
or deceleration in gestational and perinatal tissues; only a
weak association was found with relatively higher EAAR
in decidual placenta.

Cross-tissue analyses

To evaluate how epigenetic age and acceleration or decel-
eration relate between the tissues, we calculated Pear-
son correlations between the DNAm GAs and EAARSs,
respectively. We further tested for statistically significant
differences in epigenetic age acceleration/deceleration
between tissues using paired Student’s t test or paired
Wilcoxon signed-rank test in case of unfulfilled assump-
tions for the parametric test. We illustrate the differences
in EAARs between tissues from the same individuals in
Fig. 4. For n=60 children from ITU with complete tissue
data (cord blood, CVS and fetal placenta), we illustrate
individual differences in EAAR in Fig. 4d.

Cord blood and placenta

The correlation between DNAm GAs of cord blood and
placenta was significant in both ITU, r=0.48, p<0.001,
and PREDO, r=0.48, p<0.001. This was expected, as
the DNAm GA is an estimator of GA, which is the same
for these tissues at birth. However, there was no signifi-
cant correlation between the EAARs, neither in ITU,
r=— 0.03, p=0.53, nor in PREDO, r=0.09, p=0.32
(Fig. 4a). This suggests that individual epigenetic age
acceleration does not correspond between cord blood
and fetal placenta, nor between cord blood and decidual
placenta. Furthermore, there was no indication of gen-
erally higher or lower age acceleration/deceleration in
cord blood (M=— 0.01, SD=0.49) and fetal placenta
(M=-0.02, SD=1.11) from ITU, t=0.16, p =0.88, nor
in cord blood (M =— 0.01, SD=0.48) and decidual pla-
centa (M=0.01, SD=0.90) from PREDO, t=-— 0.27,
p=0.79.
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CVS and (fetal) placenta

The correlation between DNAm GAs of CVS (at sam-
pling) and fetal term placenta in ITU was significant
r=0.27 p=0.01. However, there was no significant cor-
relation between the EAARs at sampling in CVS and
fetal placenta, r=0.18, p=0.11 (see also Fig. 4b). Over-
all, epigenetic age acceleration/deceleration was not sig-
nificantly higher or lower in CVS (M =0.03, SD=0.93)
versus fetal placenta (M=0.14, SD=1.0), t= — 0.73,
p=047.

CVS and cord blood

Neither the correlation between DNAm GAs of CVS and
cord blood in ITU r=0.09, p=0.46, nor the correlation
between the EAARs at sampling in CVS and cord blood,
r=0.12, p=0.34 was significant (see Fig. 4c). Paired
Wilcoxon signed-rank test showed no significant differ-
ence in epigenetic age acceleration/deceleration between
CVS (M=0.08, SD=0.95) and cord blood (M=— 0.07,
SD=0.54), p=0.32.

Discussion

Our analyses uncovered the strength and direction of
associations between several birth- and pregnancy-
related variables with gestational epigenetic age accel-
eration or deceleration in CVS, cord blood, fetal and
decidual placenta tissue. Further, we showed that the fac-
tors related to epigenetic aging differ between the tissues,
and that there is no correspondence in individual epige-
netic age deviations across these tissues.

Insights from single tissue analyses

We will first discuss variables that showed associations
with epigenetic age deviations. Among the considered
child characteristics, we found newborn anthropometric
data, especially birth length, to be associated with rela-
tively higher epigenetic age acceleration in cord blood.
This is in accordance with two other studies applying
Bohlin’s clock [28, 29]. In contrast, anthropometric char-
acteristics of the child seem to be less associated with
epigenetic aging in placental tissues. Female child sex was
related to relatively lower epigenetic age acceleration in
both cord blood and fetal placenta.

Regarding maternal characteristics, smoking during
pregnancy was associated with relatively higher epige-
netic age acceleration. We observed this in cord blood as
well as CVS tissue, but neither in fetal, nor decidual term
placenta.

Furthermore, maternal mental disorders showed an
association with epigenetic age acceleration in cord blood
and in fetal placenta within the ITU cohort. However, in
PREDO, maternal mental health disorders were not asso-
ciated with cord blood epigenetic age, but these disorders
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Fig. 4 Relationship of epigenetic age acceleration/deceleration between different tissues. In children with more than one tissue available, the
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blood from ITU (n =66). The regression line is plotted together with a 95% confidence interval, and the Pearson correlation coefficient is depicted.
Individual differences in EAARs between CVS, placenta and cord blood from ITU are further illustrated (d) for n=60 children from ITU, where each
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were associated with epigenetic age deceleration in influence of considering SSRIs was reported in a previ-
decidual placenta. Medical treatment can be of relevance  ous study [52]. However, the differences between ITU
when considering mental diagnoses, for example, the and PREDO are unlikely to be due to differences in the
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prevalence or treatment of mental disorders between the
samples: the rate of mental disorders was similar across
samples and both cohorts had similar access to care
through the Finnish healthcare system. In both cohorts,
lifetime occurrence of any mental disorder up to child-
birth was identified in the same way based on national
register data. Nevertheless, some differences between the
cohorts remain: while PREDO was enriched for partici-
pants with risk factors of pre-eclampsia and intrauterine
growth restriction, ITU was enriched for participants
who underwent prenatal fetal chromosomal testing. It is
possible that these differences in the populations explain
some discrepancies between the findings. Furthermore,
differences in epigenetic aging may also arise from dis-
tinct biological characteristics of the two placental
regions with different functions and tissue composition.
In fact, cell count estimates between CVS and placenta
but also between fetal and decidual placenta showed
substantial differences (see Additional file 2). Altogether,
our results support the hypothesis that maternal mental
disorders associate with epigenetic age deviations in peri-
natal tissues. We encourage future studies, e.g. with both
decidual- and fetal-side samples from the same individu-
als, to further evaluate tissue specificity.

Another predictor related to the mother and pregnancy
was parity, which showed an association with epigenetic
age deceleration in fetal placenta. Out of the variables
related to the delivery process itself, aided delivery was
associated with relatively higher epigenetic age accelera-
tion in cord blood.

Overall, relevant predictors for relative epigenetic age
acceleration in gestational and perinatal tissues span
the whole spectrum from child and mother to birth and
pregnancy characteristics.

Our results indicate that relatively lower or higher
epigenetic age deviation cannot be clearly assigned to
birth- and pregnancy-related variables that are consid-
ered as being more favorable versus unfavorable in the
context of disease risk. This suggests that gestational
epigenetic age acceleration or deceleration itself may
not be linked to a higher risk for diseases per se, but
that these associations are more complex and depend-
ent on the condition and tissue during the earliest
phase of life. It has been proposed that adjustments
to the maturational tempo may explain why children
in both favorable and unfavorable environments can
exhibit epigenetic age acceleration, as this possibly con-
stitutes specific adaptations to future challenges [53,
54]. Recent studies in adult populations also reported
large differences in associations with lifestyle risk fac-
tors among studies and clocks [14, 55, 56], and it was
assumed that different epigenetic clocks may capture
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the consequences of different environmental stimuli
[14]. Overall, it has to be noted that the mechanistic
underpinnings of biological age and epigenetic clocks
are still discussed and not fully understood [3, 19, 54].

Cross-tissue relationships

In addition to looking at factors associated with gesta-
tional epigenetic aging in single tissues, we investigated
the epigenetic age relationship between tissues. The
estimated epigenetic age was congruent between cord
blood and placenta, which has also been reported for
most tissues investigated in adults so far with only few
exceptions [7].

There was no evidence for one tissue being in general
epigenetically older or showing remarkable biases toward
epigenetic age acceleration or deceleration. However, the
relative epigenetic age acceleration or deceleration in the
different tissues was not concordant, i.e. a child with rela-
tively high EAAR in one tissue did not necessarily display
relatively high EAAR in another tissue (see Fig. 4d). This
is in accordance with the fact that we observed different
predictors as being the most related to epigenetic aging
in the different tissues, and in line with the proposition
of different characteristics of epigenetic age acceleration
between diverse tissues [19, 57]. Although we can only
speculate about the underlying processes at this point,
these results suggest that the factors with strongest influ-
ence on gestational epigenetic age acceleration and decel-
eration vary between functionally different parts of one
tissue (fetal vs. decidual placenta), developmental stage
of the placenta (CVS vs. term placenta), and between
placental and cord blood tissues. This indicates that
with the currently available epigenetic clocks for spe-
cific gestational/perinatal tissues, the epigenetic age of
the newborn should be seen as a characteristic linked to
the respective tissue, and less as a general characteristic
of the child itself. Thus, future health and developmen-
tal trajectories associated with gestational epigenetic age
can be expected to show a more tissue dependent pat-
tern, too, which should be kept in mind when interpret-
ing results from one tissue. It would be interesting to see
if a cross-tissue or phenotypic clock for the gestational
and perinatal period, as developed for adults [4, 58], also
shows more congruent associations of epigenetic age
acceleration and deceleration in newborns with different
predictors and outcomes. However, it may also be that
tissue-specific effects are generally more pronounced in
gestational and perinatal tissues, probably because of the
particularly dynamic (epigenetic) processes taking place
in these tissues, and therefore especially important to
consider and disentangle.
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Strengths and limitations

A major strength of the present study is the inclusion of
three different perinatal tissues. Insights into epigenetic
age acceleration in CVS are unique, as well as the exami-
nation of epigenetic aging across gestational and peri-
natal tissues. In addition, we were able to compare and
contrast tissues from two independent Finnish cohorts.
While the context of recruitment for the two studies
was different, as elaborated above, the individual predic-
tors were comparable across studies and showed very
similar correlation structure (see Table 1 and Fig. 2).
To thoroughly assess the impact of the different fac-
tors and account for confounding, we chose a modeling
approach that enables the inclusion of all variables in
one model, can deal with correlations among predictors
and performs variable selection [59]. We restricted the
analysis to the set of variables which were available for
both cohorts and all tissues. On the one hand, this is a
strength, as this approach allowed us to identify impor-
tant predictors of epigenetic aging (in cord blood) in one
cohort, and then test these predictors in a second, inde-
pendent, cohort, to validate the findings. These predic-
tors are also likely to be available in many clinical settings
and study cohorts. On the other hand, this approach has
its limitations, as there are likely additional factors influ-
encing gestational epigenetic age acceleration/decelera-
tion, which were beyond the scope of the current study.
Additional assessments of biological maternal variables,
such as hormone levels, immune status and placental
functional, could be important to better characterize
influences on gestational epigenetic aging. Further, the
presented results are of correlative nature, and we refer to
perinatal factors as predictors even when they occurred
after the measurement of the outcomes, which was done
for consistency, modeling reasons and ease of interpreta-
tion, but does not imply a causal assumption. Studies in
animal models or in vitro may help to better understand
in which cases epigenetic age acceleration or deceleration
is a cause versus consequence of other factors. Addition-
ally, we did not include any postnatal measures in this
analysis. Thus, future studies should test whether epige-
netic age deviations in any of these tissues associate with
altered health trajectories. Furthermore, investigating
the relationship between genetic architecture and epige-
netic aging during the gestational period was beyond the
scope of the current analysis, but further studies incorpo-
rating similar approaches as already used for adults [60,
61] may also provide additional insights for the earliest
developmental phase. Apart from this, both cohorts are
of Finnish origin, which could reduce the generalizabil-
ity of findings to other ethnicities and countries with, for
example, lower socioeconomic status and prenatal health
care, as well as for clinical samples. Despite the relatively
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large data resource, missing values led to a reduction of
sample sizes, and biospecimens for more than one tis-
sue were only available for a smaller proportion of indi-
viduals. When considering differences between fetal and
decidual placenta, it is necessary to take into account that
these samples were not only taken from different sides
of the placenta, but also from different individuals and
cohorts. Future studies sampling the same placenta from
different sides are needed to better understand potential
biological differences.

Conclusions

Our results suggest that factors affecting the deviation
between gestational epigenetic and chronological age
differ between gestational and perinatal tissues. In addi-
tion, more or less favorable birth- and pregnancy-char-
acteristics were not associated with either accelerated or
decelerated epigenetic age in a consistent direction. This
indicates that both epigenetic age acceleration and decel-
eration are associated with distinct risk and protective
factors, and possibly distinct, tissue specific, develop-
mental trajectories in newborns. In line with this, there
is no concordance between epigenetic age acceleration/
deceleration in different gestational and perinatal tissues
from the same individual. Overall, when using the cur-
rently available tissue specific clocks, the epigenetic age
of the newborn should be evaluated on the tissue-level
rather than on the individual level. Considering this can
lead to important insights in health trajectories which
may be distinct depending on the epigenetic aging profile
of the underlying tissue.
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Abstract

The placenta is a central organ during early development, influencing trajectories of health and disease. DNA methylation
(DNAm) studies of human placenta improve our understanding of how its function relates to disease risk. However, DNAm
studies can be biased by cell type heterogeneity, so it is essential to control for this in order to reduce confounding and increase
precision. Computational cell type deconvolution approaches have proven to be very useful for this purpose. For human
placenta, however, an assessment of the performance of these estimation methods is still lacking. Here, we examine the per-
formance of a newly available reference-based cell type estimation approach and compare it to an often-used reference-free
cell type estimation approach, namely RefFreeEWAS, in placental genome-wide DNAm samples taken at birth and from
chorionic villus biopsies early in pregnancy using three independent studies comprising over 1000 samples. We found both
reference-free and reference-based estimated cell type proportions to have predictive value for DNAm, however, reference-
based cell type estimation outperformed reference-free estimation for the majority of data sets. Reference-based cell type
estimations mirror previous histological knowledge on changes in cell type proportions through gestation. Further, CpGs
whose variation in DNAm was largely explained by reference-based estimated cell type proportions were in the proximity
of genes that are highly tissue-specific for placenta. This was not the case for reference-free estimated cell type proportions.
We provide a list of these CpGs as a resource to help researchers to interpret results of existing studies and improve future
DNAm studies of human placenta.

Keywords Cell type estimation - DNA methylation - Human placenta - Chorionic villi - Reference-based deconvolution -
Reference-free deconvolution

Introduction

Since the Developmental Origins of Health and Disease
(DOHabD) hypothesis was proposed, converging evidence
supports the high importance of intrauterine conditions for
Elisabeth B. Binder and Darina Czamara are equally contributing development, as well as for health and disease outcomes
authors. later in life [1-3]. The placenta is a complex organ with a
central role in fetal development and regulation of the intra-
uterine environment throughout pregnancy [4—6]. Thus, a
better understanding of the placenta’s critical role for early
development and its molecular landscape is key to disen-
tangling some of the mechanisms driving DOHaD-related
developmental aspects [7]. Epigenetic processes are essential
for placental development and function, and correspondingly
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healthy fetal development [8, 9]. Consequently, human stud-
ies of the placental epigenome are valuable and can help
to increase our knowledge about trajectories of health and
disease originating in early life.

DNA methylation (DNAm) is one of the most commonly
studied epigenetic marks and it is known to be highly tis-
sue- and cell-type-specific. Accordingly, it is important to
distinguish direct (true) associations between the exposure
of interest and DNAm from associations mediated trough
or otherwise caused by placental cell type distributions [10,
11].

To this end, cell type deconvolution algorithms have been
developed to retrieve information about cell type compo-
sition from DNAm data. They can be mainly categorized
into reference-based and reference-free methods [10]. Ref-
erence-based cell type deconvolution algorithms rely on bio-
logically defined 5'-C-phosphate-G-3' (CpG) sites that are
uniquely methylated in purified cell types and were identi-
fied in a reference sample. For reference-free deconvolution,
no a-priori knowledge about differential methylation from
purified cell types is necessary, but cell types are predicted
directly from DNAm using a computational approach [12].
The first reference-based method to infer changes in the dis-
tribution of white blood cells using DNAm signatures was
proposed in 2012 by Houseman et al. [13], and pioneering
algorithms for reference-free cell type deconvolution were
published in 2014 [14, 15]. While reference-free methods
are useful when no reference is available, reference-based
methods are preferred if a reference is available and there
is no evidence for other confounders [10, 16]. To date, the
effectiveness of reference-free cell type deconvolution for
placenta has not been assessed, and only recently a reference
profile for placenta was published [17]. The establishment
and validation of this reference in 28 samples constitutes
important progress and now allows a reference-based cell
type estimation in placenta.

However, an assessment of the performance of this ref-
erence-based versus reference-free cell type estimation in
placenta with larger study samples is crucial for informing
future research. In the current study, we demonstrate the
impact of reference-based versus reference-free estimated
cell types on DNAm in placental tissue and compare their
informativeness. Further, we provide an overview of esti-
mated cell types in placental samples from three independ-
ent studies, taken at birth (n =470, n=139, n=137) and,
in the largest of these three studies, also during the first tri-
mester (n=264). Our study contributes to a more detailed
understanding of human placental characteristics regarding
the relatedness of DNAm and cell type composition and
underscores the importance of considering cell types in
future DNAm studies using placental tissue.

@ Springer

Materials and methods
Study populations

Placental tissue samples were collected from the InTraUter-
ine sampling in early pregnancy (ITU) study, the Prediction
and Prevention of Preeclampsia and Intrauterine Growth
Restriction (PREDO) study [18], and the Betamethasone
(BET) study [19].

ITU and PREDO are Finnish cohort studies consisting
of women and their children who were followed through-
out pregnancy and beyond. In ITU, women were recruited
through the national voluntary prenatal screening program
for trisomy 21. If this screening indicated an increased risk
of fetal chromosomal abnormalities based on routine serum,
ultrasound screening, age and patient history, women were
offered further testing including chorionic villus sampling
(CVS) at the Helsinki and Uusimaa Hospital District Feto-
maternal Medical Center (FMC). During this visit, women
were informed about the ITU study. If the chromosomal
test indicated no fetal chromosomal abnormality, those who
had expressed interest in participating were contacted for
final recruitment. Another set of women were informed
about ITU when attending the routine screening at mater-
nity clinics. If interest in participating was expressed, they
were contacted for final recruitment into the ITU study. In
PREDO, the recruitment took place when women attended
their first routine ultrasound screening. Some of the women
were recruited based on having clinical risk factors for
preeclampsia and intrauterine growth restriction, others
were recruited independently of these factors [18]. The aim
of the BET study was to investigate the effect of antenatal
betamethasone on the transplacental cortisol barrier and fetal
growth [19]. Pregnant women with preterm labor and cervi-
cal shortening were treated with a single course of antena-
tal BET (Celestan®, MSD GmbH, Haar, Germany) for fetal
maturation between 23 +5 and 34 40 weeks of gestation and
were recruited prospectively before birth. A gestational-age-
matched control group consisted of pregnant women who
received no antenatal BET.

Placental tissue samples

In the ITU study, first-trimester placental biopsies were
obtained from leftover CVS, following indications of ele-
vated risk for chromosomal abnormalities between 10 and
15 weeks of gestation. Placenta samples were also collected
at birth, whereby midwives/trained staff took nine-site biop-
sies (within maximum 120 min after delivery) from the
fetal side of the placenta, at 2-3 cm from umbilical cord
insertion. In the PREDO study, placenta nine-site biopsies
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(within maximum 90 min after delivery) were taken from
the decidual side of the placenta. In the BET study, full-
thickness placental biopsies were taken by a uniform random
sampling protocol [20, 21] from both peripheral and central
areas. All samples were stored at — 80 °C.

Throughout the manuscript, we refer to all placental sam-
ples collected at birth as ‘term placenta’, and to all placental
CVS samples collected during early pregnancy as ‘CVS’.

DNA methylation (DNAm)

From the collected samples, DNA was extracted accord-
ing to standard procedures and DNAm was assessed using
the Illumina Infinium MethylationEPIC array (Illumina,
San Diego, USA). In total, DNA methylation levels were
assessed in 1055 samples: n =277 CVS samples (ITU), and
n =500 placental samples (ITU), n= 140 placental samples
(PREDO), and n =138 placental samples (BET) taken at
birth. All DNAm data were pre-processed in the same way,
using an adapted pipeline from Maksimovic et al. [22] and
the R package minfi [23]. Beta values were normalized using
stratified quantile normalization [24], followed by BMIQ
[25]. Batch-effects were removed using ComBat [26].

The final data sets comprised 264 CVS samples from ITU
(n=716,331 probes) and 486 placental samples (n=665,190
probes) from ITU, 139 placenta samples (n=755,154
probes) from PREDO and 137 placenta samples (n="708,222

probes) from the BET study. Of these, 652,341 probes over-
lapped across all four data sets.

Gestational age, child sex and ethnicity variables

Gestational age (GA) at sampling was based on fetal ultra-
sound. Child sex was extracted from the Finnish Medical
Birth Register (MBR) in ITU and PREDO and obtained
from postnatal assessment in the BET study. To retrieve
information about genetic background, we performed multi-
dimensional scaling (MDS) analysis on the identity-by-state
(IBS) matrix of quality-controlled genotypes [27]. We used
the first two components for ITU and PREDO and the first
four components for the BET study, as it was ethnically more
heterogenous. In the following, we refer to these MDS com-
ponents as ‘PC 1/2/3/4 ethnicity’, respectively. This informa-
tion was available for n=200 individuals with CVS tissue
in ITU, and n =439 individuals with term placental tissue
in ITU, in n=118 individuals with term placental tissue in
PREDO and n =136 individuals with term placental tissue
in BET. Genotyping was performed on Illumina Infinium
Global Screening arrays for BET and ITU and on Illumina
Human Omni Express Arrays for PREDO. DNA for geno-
typing was extracted from cord blood in ITU and PREDO, if
available, otherwise placental tissue was used in ITU. DNA
was extracted from placental tissue in the BET study. Fur-
ther details about genotypic assessment and quality control

Table 1 Study sample ITU PREDO BET
characteristics [Mean (SD) or N
(%) for each variable] CVS Placenta Placenta Placenta
Sample size 264 470 139 137
Phenotypes
Gestational age 12.79 (0.82) 39.99 (1.55) 39.89 (1.43) 38.16 (1.95)
Child sex (male) 140 (53%) 238 (51%) 67 (48%) 70 (51%)
Reference-based cell types
Trophoblasts 0.26 (0.06) 0.01 (0.03) 0.04 (0.05) 0.13 (0.06)
Stromal 0.17 (0.06) 0.01 (0.02) 0.04 (0.03) 0.11 (0.02)
Hofbauer 0.00 (0.01) 0.00 (0.01) 0.00 (0.00) 0.00 (0.00)
Endothelial 0.00 (0.01) 0.01 (0.02) 0.08 (0.03) 0.11 (0.02)
nRBC 0.00 (0.01) 0.04 (0.03) 0.00 (0.01) 0.00 (0.00)
Syncytiotrophoblasts 0.57 (0.04) 0.93 (0.06) 0.83 (0.08) 0.66 (0.08)
Reference-free cell types
Cl1 0.26 (0.14) 0.11 (0.09) 0.43 (0.19) 0.35(0.2)
C2 0.30 (0.15) 0.07 (0.07) 0.51 (0.20) 0.46 (0.2)
C3 0.14 (0.07) 0.23 (0.13) - 0.14 (0.1)
C4 0.10 (0.07) 0.13 (0.09) - -
C5 0.14 (0.10) 0.13 (0.09) - -
C6 - 0.11 (0.08) - -
C7 - 0.09 (0.07) - -
C8 - 0.08 (0.07) - -
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in the ITU and PREDO cohorts, as well as in the BET study,
have been published elsewhere [28, 29].

An overview of study sample characteristics is given in
Table 1.

Cell type composition estimation

Reference-based cell type composition into six cell types
(nucleated red blood cells, trophoblasts, syncytiotropho-
blasts, stromal, Hofbauer, endothelial) was estimated using
a reference recently published by Yuan et al. [17] and imple-
mented within the R package planet, by applying the robust
partial correlation algorithm [30].

The result of this cell type estimation is the amount of the
respective cell types in every person, while all estimated cell
types add up to 100%.

Reference-free cell types were estimated following the
protocol suggested in the R package RefFreeEWAS [31],
which led to five estimated ‘cell types’ in CVS (ITU), and
eight estimated ‘cell types’ (ITU), two estimated ‘cell types’
(PREDO) and three estimated ‘cell types’ (BET) in term
placenta. We refer to cell types here, although the output of
this procedure does not give explicit cell types, but latent
quantities and their respective proportion for every person.

Statistical analyses

All statistical analyses were performed in R, version
4.0.5/4.1.1 [32].

Filtering of invariable probes in DNAm

To assess the influence of cell types on DNAm, we first
filtered for variable CpGs by excluding placenta-specific
non-variable CpGs. We applied a procedure described by
Edgar et al. [33] to the overlapping CpGs (n=652,341) of all
four placental methylation data sets from the EPIC array, to
identify sites with < 5% range between 10 and 90th percen-
tile in DNAm beta values using our data sets. This resulted
in 120,548 CpGs (listed in Supplementary Table S1) that
we identified as non-variable for placental EPIC methyla-
tion data and excluded from further analyses. Identifying
these CpGs is useful to reduce dimensionality, and becomes
especially relevant for future studies, e.g., epigenome-wide
association studies (EWAS), aiming to use our resources.
Furthermore, the 1050 CpGs used to predict cell type com-
position in the model by Yuan et al. [17] were excluded from
the following analyses to prevent circular conclusions.

@ Springer

Capturing DNAm variance through principal components
and filtering of individuals

To capture the major variance in DNAm, we performed
singular value decomposition on methylation beta values,
and extracted the first principal component (PC1) explain-
ing most of the variance for every data set (Supplementary
Fig. S1). For term placenta from ITU we identified n =16
outliers representing values greater than three times inter-
quartile-range in PC1 (see Supplementary Fig. S2a). The
same samples showed lower sample-sample correlations in
DNAm beta values with the other placenta samples (Sup-
plementary Fig. S2b) and presented different cell type pro-
portions (Supplementary Fig. S2c). Thus, we excluded these
samples from the ITU placenta data set, resulting in n=470
term placenta samples from the ITU cohort. We calculated
the principal components (PC) without these outliers in the
ITU term placenta data set. For CVS from ITU and term
placenta data sets from PREDO and BET no such outliers
were identified.

Correlation of reference-free estimated cell types
with reference-based estimated cell types and phenotypes

Spearman's rank correlations were calculated both between
reference-free and reference-based estimated cell types and
between reference-free estimated cell types and phenotypes
(GA, child sex, ethnicity PCs and additionally fetal chro-
mosomal testing and BET administration status in the [TU
and BET placenta, respectively) in every tissue. Adjustment
for multiple testing was done using Bonferroni correction.

Models to predict DNAm by cell type proportions
(reference-based versus reference-free)

To compare the impact of reference-based versus reference-
free estimated cell types on the main variance in DNAm,
PC1 of DNAm beta values was regressed linearly on differ-
ent predictors in six models for every data set:

1. PC methylation~ 1

2. PC methylation ~ GA at sampling + child sex + PCs eth-
nicity

3. PC methylation ~ reference-based estimated cell types

4. PC methylation ~ reference-based estimated cell
types + GA at sampling + child sex + PCs ethnicity

5. PC methylation ~ reference-free estimated cell types

6. PC methylation ~ reference-free estimated cell
types + GA at sampling + child sex +PCs ethnicity

Using cross-validation with 10 folds, 500 repeats and
RMSE as loss function, implemented in the R package
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xvalglms [34], enabled us to evaluate which model best
explains variability in placental DNAm. This is defined by
the number of times a particular model wins in the repeated
cross-validation procedure, i.e., the number of times that the
model has a smaller prediction error (RMSE, in our case)
than all other models considered. RMSE is on the same scale
as the outcome variable and the partitions of data were the
same for all models. As RMSE is not comparable between
the data sets, we additionally report the adjusted R* values
of the winning models.

For the BET data set, we observed outliers in RMSE in
some of the repeats (see Supplementary Fig. S3a). After
further exploration it became evident that these were driven
by five samples, which were different in Hofbauer and nRBC
cell type proportions, i.e., all samples apart from these five
had no estimated proportions of Hofbauer and nRBC cells
(see Supplementary Fig. S3b). We also tested if outliers in
any of the other estimated cell types (see Supplementary Fig.
S3c) changed the behavior of the model, but this was not the
case. Furthermore, outliers were present in all data sets and
are not suspicious per se in samples from heterogenous tis-
sue like placenta. Thus, we only excluded the five samples
presenting very different in estimated Hofbauer and nRBC
cells in the BET data set from this analysis.

We further tested how much of DNAm variability in all
single CpGs could be explained by either reference-based or
reference-free estimated cell types. Linear models were fitted
for every CpG by predicting DNAm (beta values) with either
reference-based or reference-free cell types. For every CpG,
the adjusted R? was extracted (see Supplementary Fig. S4 for
a histogram of R? values). Afterwards, CpGs with adjusted
R*>0.30 in all four data sets were extracted and considered
as CpGs at which variability of DNAm (beta values) was
relatively strongly influenced by cell type proportions. We
decided to use this criterion based on an evaluation of the
histograms (Fig. S4) and as the mean adjusted R? values of
the 90% quantile of all data sets was R? Adjusted = 0-30, and
our aim to only extract the most informative CpGs, i.e., to be
rather strict in this selection. For the following enrichment
analyses, the genes (20,038) mapping to all CpGs (534,510)
overlapping between the data sets were used as background.

Enrichment analyses

All CpGs were mapped to the closest gene using the R
package bumphunter functions annotateTranscripts and
matchGenes [35]. Afterwards, the genes corresponding to
the extracted CpGs were used as input for the TissueEnrich
package [36], while the genes corresponding to all CpGs
overlapping between the data sets (without any filtering for
R?) were considered as background genes (n =20,038). The
same input and background genes were further used for the
PlacentaCellEnrich Tool [37]. Human placental single-cell

RNA-Sequencing data [38] were used to retrieve enrich-
ments for placenta cell-specific expression patterns. For both
enrichment analyses we used an adjusted p value of 0.01 as
threshold for enrichment, as recommended by the authors of
the PlacentaCellEnrich Tool [37].

Cell type composition analyses

Differences in reference-based cell type proportions between
the three term placenta data sets were analyzed using non-
parametric global multivariate analysis of variance [39]
implemented in the R package npmv [40]. To test for sig-
nificant differences between the study groups, we applied
the global test using the R function nonpartest with default
settings, which provides F-distribution approximations, per-
forms multivariate permutation and calculates nonparamet-
ric relative effects. The global test was supplemented with a
more detailed comparison (R function ssnonpartest) of study
groups and cell types using the F' approximation of Wilks’
lambda, to identify which variables/factor levels contribute
to the significant differences, while controlling for the fami-
lywise error rate (¢ =0.01).

Differences in reference-based cell type proportions
between CVS and term placenta from the same individuals
(n=85, ITU) were calculated using paired Wilcoxon signed-
rank tests. All p values were corrected for multiple testing
(n=06 cell types) using Bonferroni correction and compared
to a=0.01.

Spearman correlations and Wilcoxon signed-rank tests
were performed to test for relationships between reference-
based cell type proportions and GA and child sex (for
every cell type separately and corrected for multiple testing
among the n=6 cell types using Bonferroni correction and
a=0.01).

Results

Reference-free estimated cell types do not map
to reference-based estimated cell types and are
correlated with child sex

For an illustration of the correspondence between reference-
based and reference-free estimated cell types, Spearman
correlation coefficients are shown in Fig. 1. Although there
were some correlations between reference-based and refer-
ence-free estimated cell types, there was no clear matching
between reference-based estimated cell types and specific
reference-free components. Furthermore, Spearman correla-
tion coefficients for reference-free estimated cell types and
included phenotypes are depicted in Fig. 2. It can be seen
that especially child sex was correlated with the reference-
free estimated cell type components.
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For the majority of data sets, reference-based
methods predict variability of DNAm better
than reference-free methods

To evaluate the impact of phenotypic variables (GA,
child sex, ethnicity) vs. reference-based vs. reference-free
cell type composition on the main variance in DNAm (PC1),
we compared the predictive performance of six compet-
ing models: an intercept-only model (model 1), phenotype
model (model 2), reference-based cell type model with or
without phenotypes (model 3 and 4) and reference-free cell
type model with or without phenotypes (model 5 and 6).
All models were tested in each data set among individuals
with complete information available (n =200 for CVS from
ITU, n=425 for term placenta from ITU, n=118 for term
placenta from PREDO and n =136 for term placenta from
the BET study with five outliers excluded (see “Materials
and methods”) resulting in n=131).

The results of the cross-validation procedure for model
selection are shown in Fig. 3. Models including cell type
estimations always performed better than the intercept-only
model (model 1) or a model including only phenotypes (GA,
sex, ethnicity; model 2). In CVS data (Fig. 3a), the model
including reference-based cell types only (model 3) gave the
most accurate out-of-sample predictions of PC1 (80% of the
wins), with an average prediction error of 79.58 (95% CI
[78.57, 80.89]), followed by the model including reference-
based cell types and phenotypes. The adjusted R? of the win-
ning model was R* Adjusted = 0-90.

Placental samples taken from the fetal side at birth in the
ITU cohort were the only data set where reference-free cell
types outperformed reference-based cell types in the pre-
diction of PC1 DNAm (Fig. 3b). In this data set, the model
including both reference-free cell types and phenotypes
(model 6) always won, presenting with an average predic-
tion error of 72.62 (95% CI [71.97, 73.34]). The adjusted
R? of the winning model was R* Adjusted = 0.92. These results
did not change when information about fetal chromosomal
testing (yes or no) was included as an additional phenotype
variable in the models. In PREDO (Fig. 3c), where the pla-
cental samples were taken from the decidual side at birth,
the model including reference-based cell types together with
phenotypes (model 4) performed best (79% of wins) with an
average prediction error of 111.44 (95% CI [107.08, 121.70].
In the BET study (Fig. 3d), where placental biopsies span-
ning from the decidual to the fetal side were collected at
birth, the model including reference-based cell types (model
3) won in most of the repeats (99% of wins) with an aver-
age prediction error of 87.84 (95% CI [86.48, 89.54]. When
including BET (administered or not) as a phenotype variable
for the BET study, the winning model was still model was
still the model including only reference-based estimated cell

types (model 3). The adjusted R? of the winning model was
R’ Adjusted = 0.80 in both the PREDO and BET placenta.

In both PREDO and BET, the second-best model was
the other model including either both reference-based esti-
mated cell types and phenotypes (model 4, for BET) or only
reference-based cell types (model 3, for PREDO).

The conclusions from predicting DNAm variability in
single CpGs by either reference-based or reference-free esti-
mated cell types were concordant with the model for PC1 in
DNAm. On average, reference-based cell types explained more
variance (adjusted R?) in DNAm compared to reference-free
cell types among CpGs in CVS from ITU (n=264; R* Adjusted
M=0.13, SD=0.17 vs. M=0.12, SD=0.12), and in placen-
tal tissues at birth in PREDO (n=139; R iqeq M=0.11,
SD=0.16 vs. M=0.05, SD=0.06), and in BET (n=137;
R pgjusiea M=0.10, SD=0.13 vs. M=0.06, SD=0.07). Only
placental tissues sampled at birth in ITU (n=470), reference-
free estimated cell types explained more of the variance in
DNAm (R? Adjusted M =0.18, SD=0.18) than reference-based
estimated cell types (R* Adjusted M=0.11, SD=0.15).

CpGs with larger proportions of variability
explained by reference-based cell types map
to placenta-specific genes

CpGs where estimated cell type composition explained
more than 30% of variance (adjusted R>>0.3) in all four
data sets were considered as CpGs at which variability was
relatively strongly influenced by cell type proportions. A
list of these CpGs and corresponding genes can be found in
Supplementary Table S2. For the reference-based model,
this was the case for 26,092 CpGs mapping to 8511 genes.
For the reference-free model, this was true for 531 CpGs
mapping to 398 genes.

The results of the tissue enrichment analyses can be
seen in Fig. 4. When using the reference-based estimated
cell types, genes mapping to CpGs where variability was
strongly influenced by cell types were enriched for placenta-
specific genes (Fig. 4a, p <0.001 and fold-change =1.291.
We provide a list of these 186 placenta-specific genes in
Supplementary Table S3. For reference-free estimated cell
types, genes mapping to CpGs where variability is strongly
influenced by cell types were not enriched for placenta-
specific genes (Fig. 4b): only 10 genes were found to be
placenta-specific. However, there was an enrichment for
cerebral cortex, with p <0.001, fold-change =2.209.

Next, we ran cell-specific enrichment analysis using a
placenta-specific dataset (PlacentaCellEnrich Tool). Cell-
specific expression patterns can be seen in Fig. 5. Again,
the results reflect a higher placenta-specificity when using
the reference-based approach (Fig. 5a), showing a signifi-
cant enrichment for a number of placental cells as follows:
syncytiotrophoblasts, villous cytotrophoblast, extravillous
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Fig.3 Cross-validation results
for predicting PC1 of DNAm
comparing 6 models (model

1 =intercept-only; model

2 =phenotypes (gestational

age (GA), child sex, ethnicity);
model 3 =reference-based esti-
mated cell types; model 4 =ref-
erence-based estimated cell
types and phenotypes; model

5 =reference-free estimated
cell types; model 6 =reference-
free estimated cell types and
phenotypes). The upper panel
illustrates the proportions of
wins among all repetitions for
each model (models with zero
wins overlap and hence not all
colors are displayed), and the
winning model is listed. The
panel below shows the boxplots
of the prediction error (root
mean square error of prediction,
RMSEP) for all six models with
the number of wins for each
model displayed at the top. The
panel on the right is a graph

of density estimates for the
prediction errors. Models were
compared independently in four
different tissue samples, a first
trimester placenta (CVS) from
ITU, b term placenta form ITU,
¢ term placenta from PREDO
and d term placenta from the
BET study
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trophoblast, fetal fibroblasts, stromal cells, endothelial cells
and decidua perivascular cells. These represent the major
cell types in the placenta [41], indicating that this approach
accounted for the majority of confounding possible from
cell type heterogeneity. Using the reference-free approach
(Fig. 5b) there was only an enrichment of villous cytotropho-
blasts. A summary of parameters of the cell-specific enrich-
ment can be found in Supplementary Table S4.

Cell type composition

We next wanted to estimate the cell type proportions in the
different study samples using the reference-based method
(Fig. 6).

Cell type proportions in term placentas show differences
between studies

While cell type estimates were highly similar for samples
within a study, we observed significantly different esti-
mated cell type proportions among the three studies with
placental samples collected at birth, according to each of
the four test criteria (ANOVA type, Lawley-Hotelling type,
Bartlett—Nanda—Pillai type, and Wilks’ lambda type). Test
statistics are given in Supplementary Table S5. Nonpara-
metric relative effects, quantifying the probability that
a value obtained from one study sample is larger than a
value randomly chosen from the other study samples, are
provided in Supplementary Table S6. The post-hoc testing
procedure following the global test determined that sam-
ples from all three studies and all cell types contributed to
these significant differences. In all three term placenta data
sets, syncytiotrophoblasts were the main estimated cell
type, but the highest proportion was estimated in term pla-
centa from ITU. Estimates for proportions of trophoblasts,
stromal and endothelial cells were highest in the BET
study sample, followed by term placenta from PREDO.

Cell type proportions show intra-individual changes
from CVS to term Placenta

The estimated cell type proportions differed significantly
between early-pregnancy CVS and placenta sampled at
birth for a number of cell types. Largest differences in
estimates were observed for stromal cells (Mdn=17.4%
in CVS vs. Mdn=0.0% at birth, Z=8.0, p <0.001), syn-
cytiotrophoblasts (Mdn=156.9% in CVS vs. Mdn=95.3%

at birth, Z=- 8.0, p<0.001), and trophoblasts
(Mdn=24.8% in CVS vs. Mdn=0.0% at birth, Z=8.0,
p <0.001) followed by endothelial cells (Mdn=0.0% in
CVS vs. Mdn=0.4% at birth, Z=— 6.1, p<0.001), nRBC
(Mdn=0.0% in CVS vs. Mdn=3.2% at birth, Z=- 7.7,
p <0.001). This was based on 85 individuals from the ITU
cohort for whom both CVS and placenta tissue at birth
were available. Syncytiotrophoblasts were the most abun-
dant estimated cell type in both CVS and term placenta
tissue, but there was a strong median increase of 38.4% in
this cell type from early-pregnancy to birth. The largest
decrease from early-pregnancy to birth was in estimated
trophoblasts from CVS to term placenta (median decrease
of 24.8%), followed by estimated stromal cells (median
decrease of 17.4%).

Associations between reference-based estimated cell types
and gestational age

Finally, we wanted to see whether the estimated cell type
proportions follow physiological changes over gestation.

Higher GA at sampling was significantly related to lower
estimated trophoblast proportions in CVS (r,=-— 0.32,
p<0.001) and term placenta from the BET study
(ry=—0.42, p<0.001), and to higher estimated syncytio-
trophoblast proportions in CVS (r,=0.36, p <0.001) and
term placenta from the BET study (r,=0.37, p <0.001). The
effects were not significant, though in the same direction,
for the other two data sets (term placenta from ITU and
PREDO), where GA was more skewed towards higher ges-
tational age. The relationship of estimated trophoblast and
syncytiotrophoblast proportions with GA is shown in Fig. 7.

We observed no significant relationships with GA among
the other estimated cell types.

Similar to Yuan et al. [17] we observed no significant
sex-specific differences in estimated cell type proportions
in any of the study samples.

Discussion

In this study, we examined a new DNAm-based reference
which enables reference-based cell type estimation in pla-
centa [17] in a large data set comprising over 1000 samples
from three independent studies, with n="746 placental sam-
ples collected at birth, and n =264 during the first trimester
of pregnancy. We investigated intra- as well as inter-individ-
ual differences in estimated cell type proportions. Further-
more, we compared the reference-based to a reference-free
approach (namely, RefFreeEWAS) [31], regarding its poten-
tial to control for cell type proportions in DNAm studies of
human placenta. We provide lists of CpGs from the EPIC
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Fig.6 Depicted are the mean
and standard deviation of the
reference-based estimated cell
type’s proportion (raw estimates
using the reference by Yuan

et al. [17] and robust partial
correlation algorithm) together
with an illustration of the rela-
tive estimated cell type propor-
tion in a n =264 individuals in
CVS from ITU, b n=470 indi-
viduals in term placenta from
ITU, ¢ n=139 individuals in
term placenta from PREDO and
d n=137 individuals in term
placenta from the BET study
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array which we found to be (1) non-variable in placental At the same time, the latter shows that it is a select sub-
tissue (Supplementary Table S1), and (2) highly influenced  set of CpGs where the impact of cell type proportions on
by cell types (Supplementary Table S2). DNAm is especially important (Supplementary Table S2).
Using a cross-validation model focusing on the prediction Both reference-free and reference-based cell type estima-

of the major variance in DNAm, as well as an investigation  tion methods can account for variability in DNAm. However,

at single CpGs level, we confirmed the importance of cell ~ for the majority of data sets, the reference-based approach
type composition for variability in DNAm. better predicted variability of DNAm.

Generally, reference-based cell type estimation allows for

a more direct interpretation of cell type composition. This
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was underscored by the fact that the overlap in CpGs with
high amount of DNAm variability explained by estimated
placental cell types was much more consistent among the
different data sets when using reference-based cell types
(26,092 CpGs) versus reference-free cell types (531 CpGs).
Furthermore, genes mapping to these CpGs with high pro-
portions of DNAm variability explained by estimated ref-
erence-based cell types were enriched for placenta-specific
genes, while this was not the case when using the reference-
free approach (see Fig. 4). A possible reason for this could
be that the reference-free methods do not only depict cell
types, but further unknown sources of variance, and as such
it is difficult to interpret what the estimated reference-free
‘cell types’ actually reflect. This also becomes clear from
Figs. 1 and 2, where we depict that reference-based esti-
mated cell types are not highly correlated with a specific
reference-free cell type component, but rather with child
sex. This might also explain why in one of the term pla-
centa data sets DNAm variability was better explained by
reference-free compared to reference-based estimated cell
types - probably not only cell types were covered by the esti-
mated ‘cell types’ which contributed to DNAm variability
in the complex tissue samples. This could suggest that even
though reference-based cell type correction approaches out-
perform reference-free approaches in most settings, cohort-
specific differences may affect the performance of these
methods.

Overall, considering the performance of the reference-
based cell type estimation, it may be advisable to use refer-
ence-based methods, such as from Yuan et al. [17] in future
studies investigating DNAm in human placenta.

Higher GA was associated with higher proportions of
syncytiotrophoblasts and lower proportions of trophoblasts
in the placenta samples collected at birth (Fig. 7). This find-
ing was congruent with the changes in estimated cell type
composition we observed from first trimester to birth pla-
centa samples from the same individuals: trophoblast cells
showed the largest decrease, syncytiotrophoblasts the largest
increase. These differences in the estimated cell type propor-
tions between early and late pregnancy are probably reflec-
tive of placental maturation process [42]. Trophoblasts give
rise to further subpopulation of cells and syncytiotropho-
blasts expand during pregnancy [5]. Yuan et al. [17] reported
an increase in estimated syncytiotrophoblasts and endothe-
lial cells and decrease in stromal cells from first trimester to
term placenta samples, which is again concordant with our
results despite their comparison of samples from different
individuals, in contrast to our within-sample design in 85
individuals. Nevertheless, it should be mentioned that we
cannot rule out that some of the differences in estimated
cell type proportions may arise from differences in sampling
and storage conditions of the CVS and the placental tissue.

@ Springer

Regarding child sex, Yuan et al. did not find any associa-
tion with estimated cell composition [17]. We can confirm
this result, as there was no evidence for sex-specific differ-
ences in reference-based estimated cell type composition.

Additionally, the use of three independent studies (ITU,
PREDO, BET) enabled us to investigate between-study
differences in estimated cell type proportions at birth. We
observed that cell type composition was rather consistent
among samples within a study but different between studies.
The larger variance in cell type proportions between studies
(versus between individuals within a study) might reflect the
different sampling schemes of placental tissue (see “Materi-
als and methods”). The placenta is a highly complex organ,
which makes the sampling procedure difficult and particu-
larly prone to differences between studies [21, 43].

An important strength of our study is that we were able to
investigate placental cell type composition in a large num-
ber of placentas from different independent studies. In addi-
tion to examining placental DNAm at birth, we included
early-pregnancy placental CVS samples: in a subset of 85
individuals, longitudinal data on placental DNAm both in
early pregnancy and at birth were available, giving us the
rare chance to examine change over time within the same
placentas. We also provide resources that can be used for
the interpretation and design of DNAm studies in placenta,
especially EWAS. However, there are also some limitations:
we rely on bioinformatic indirect deconvolution, which also
limits our investigation to the cell types included in the refer-
ence sample [17]. This was in turn limited by the availabil-
ity of unique markers suitable for cell type selection using
fluorescence-activated cell sorting, and dissection accuracy.
Future tools based on single-nucleus DNA methylation anal-
yses would undoubtedly improve cell type accuracy as well
as diversity, thus improving usefulness for deconvolution in
bulk tissue analyses. Furthermore, we only compared one
reference-based deconvolution to one of several (semi-) ref-
erence-free approaches available [16]. Thus, our comparison
of performance between methods is limited to these chosen
approaches and is only an indication of the ability of the
reference-based method to account for variability in DNAm
compared to another often-used reference-free approach, but
not generalizable to all reference-free methods. Additionally,
we only used the first principal component of DNAm in the
cross-validation procedure for model comparison, which is
a reduction of dimensionality and improves interpretability,
but at the same time can only capture part of the total vari-
ation in the data.

Overall, addressing cell type heterogeneity in studies of
DNAm is important to avoid misinterpretation of results, to
limit confounding and increase precision by distinguishing
changes in cell type proportions from epigenetic changes
due to other factors, such as for example environmental
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exposures [44]. Apart from this, cell type composition is
also an important factor to consider for understanding gene
regulatory mechanisms in human tissues [45] and tissue
function overall. This study contributes to a more detailed
understanding of the interrelation between DNAm and esti-
mated cell type composition in human placenta and stands as
a resource to help researchers design future DNAm studies
of human placenta and interpret results of both existing and
future studies.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00018-021-04091-3.

Acknowledgements We would like to thank all of the midwives,
obstetricians, and other medical staff, laboratory and research person-
nel, and administrative staff working in hospitals, antenatal and child
wellbeing clinics, municipalities, national registers, and other institu-
tions, whose efforts have made this research possible. We thank the
midwifes, Dr. A. Gusarova, Dr. F. Braun-Tavares and A. K. Hardt at the
Department for Obstetrics, Charité for valuable assistance in recruit-
ing study participants. We also thank L. Ehrlich at the Department for
Obstetrics, Charité for her assistance in placental tissue preparation.
The PREDO study would not have been possible without the dedicated
contribution of the PREDO study group members: E Hamaélédinen, E
Kajantie, H Laivuori, PM Villa, A-K Pesonen, A Aitokallio-Tallberg,
A-M Henry, VK Hiilesmaa, T Karipohja, R Meri, S Sainio, T Saisto,
S Suomalainen-Konig, V-M Ulander, T Vaitilo (Department of Obstet-
rics and Gynaecology, University of Helsinki and Helsinki University
Central Hospital, Helsinki, Finland), L Keski-Nisula, Maija-Riitta
Orden (Kuopio University Hospital, Kuopio Finland), E Koistinen, T
Walle, R Solja (Northern Karelia Central Hospital, Joensuu, Finland),
M Kurkinen (Piijat-Hame Central Hospital, Lahti, Finland), P.Taipale.
P Staven (lisalmi Hospital, lisalmi, Finland), J Uotila (Tampere Uni-
versity Hospital, Tampere, Finland). The ITU study would not have
been possible without the dedicated contribution of the staff at the
Helsinki and Uusimaa Hospital District Feto-maternal Medical Center
and delivery hospitals. We further thank S. Sauer, M. Kodel, M. Rex-
Haffner and A. Tontsch for their technical support. We wish to express
our deepest gratitude to all women and children who participated in
the studies. Furthermore, we would like to thank Mark de Rooij for
his support as regards the use of the R package xvalglms and enabling
further functionalities in this package.

Author contributions DC, EB, KR and LD contributed to the study
conception. Funding was acquired by SE, TB, JL, ML-P, KR, EB.
Data collection and material preparation were performed by CC, ML-P,
JL, TK, HL, SS, PMYV, SS-K, RCR, AP, WH, JGE, EK, SE, TB and
KR. Analyses were performed by LD and DC. The first draft of the
manuscript was written by LD and all authors commented on previous
versions of the manuscript. All authors read and approved the final
manuscript.

Funding Open Access funding enabled and organized by Projekt
DEAL. The ITU study has been funded by the Academy of Finland
(Award numbers: 1284859, 12848591, 312670 and 1324596) and the
Finnish Diabetes Foundation. The PREDO Study has been funded
by the Academy of Finland (JL: 311617 and 269925, KR: 1312670
ja 128789 1287891), EraNet Neuron, EVO (a special state subsidy
for health science research), University of Helsinki Research Funds,
the Signe and Ane Gyllenberg foundation, the Emil Aaltonen Foun-
dation, the Finnish Medical Foundation, the Jane and Aatos Erkko
Foundation, the Novo Nordisk Foundation, the Pédivikki and Sakari

Sohlberg Foundation, Juho Vainio foundation, Yrjo Jahnsson founda-
tion, The Finnish Society of Sciences and Letters, Jalmari and Rauha
Ahokas foundation, Sigrid Juselius Foundation granted to members
of the Predo study board. ML-P receives funding from the Academy
of Finland, University of Helsinki Funds. AP and TB disclose receipt
of financial support for the research, authorship, and/or publication of
this article, supported by DFG (BR2925/3-1,-2,-3 and PL241/8-2,-3).
EK reports support from Academy of Finland, Foundation for Pediatric
Research, Sigrid Juselius Foundation and Novo Nordisk Foundation.

Availability of data and materials Due to the sensitive nature of the
patient data used in the current study and consent, the data sets are
not and cannot be made publicly available for data protection reasons.

Code availability R Code for the main analyses is provided here:
https://doi.org/10.5281/zenodo.5713621.

Declarations

Conflict of interest EB is the coinventor of FKBP5: a novel target for
antidepressant therapy, European Patent no. EP 1687443 B1, and re-
ceives a research grant from Bohringer Ingelheim for a collaboration
on functional investigations of FKBP5. Otherwise, the authors declare
that they have no competing interests.

Ethics approval and consent to participate/publish The ITU research
protocol has been approved by the Coordinating Ethics Committee of
the Helsinki and Uusimaa Hospital District (approval date: 06.01.2015,
reference number: 269/13/03/00/09). The PREDO study protocol was
approved by the Ethics Committee of Obstetrics and Gynaecology and
Women, Children and Psychiatry of the Helsinki and Uusimaa Hos-
pital District and by the participating hospitals. The BET study was
approved by the Ethics Committee of the Charité-Universitdtsmedizin,
Berlin, Germany (EA2-149-07). In all studies, participants signed a
written informed consent form.

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

References

1. Barker DJP (1995) Intrauterine programming of adult disease.
Mol Med Today 1(9):418-423. https://doi.org/10.1016/s1357-
4310(95)90793-9

2. Barker DJ (2007) The origins of the developmental origins theory.
J Intern Med 261(5):412-417. https://doi.org/10.1111/j.1365-
2796.2007.01809.x

3. Wadhwa PD, Buss C, Entringer S, Swanson JM (2009) Develop-
mental origins of health and disease: brief history of the approach

@ Springer


https://doi.org/10.1007/s00018-021-04091-3
https://doi.org/10.5281/zenodo.5713621
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/s1357-4310(95)90793-9
https://doi.org/10.1016/s1357-4310(95)90793-9
https://doi.org/10.1111/j.1365-2796.2007.01809.x
https://doi.org/10.1111/j.1365-2796.2007.01809.x

115

Page 16 of 18

L. Dieckmann et al.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

and current focus on epigenetic mechanisms. Semin Reprod Med
27(5):358-368. https://doi.org/10.1055/s-0029-1237424

Lester BM, Marsit CJ (2018) Epigenetic mechanisms in the
placenta related to infant neurodevelopment. Epigenomics
10(3):321-333. https://doi.org/10.2217/epi-2016-0171

Burton GJ, Fowden AL (2015) The placenta: a multifac-
eted, transient organ. Philos Trans R Soc Lond B Biol Sci
370(1663):20140066. https://doi.org/10.1098/rstb.2014.0066
Griffiths SK, Campbell JP (2015) Placental structure, function and
drug transfer. Contin Educ Anaesth Crit Care Pain 15(2):84-89.
https://doi.org/10.1093/bjaceaccp/mku013

Marsit CJ (2016) Placental epigenetics in children’s environmental
health. Semin Reprod Med 34(1):36—41. https://doi.org/10.1055/s-
0035-1570028

Nelissen EC, van Montfoort AP, Dumoulin JC, Evers JL (2011)
Epigenetics and the placenta. Hum Reprod Update 17(3):397—417.
https://doi.org/10.1093/humupd/dmq052

Januar V, Desoye G, Novakovic B, Cvitic S, Saffery R (2015) Epi-
genetic regulation of human placental function and pregnancy out-
come: considerations for causal inference. Am J Obstet Gynecol
213(4 Suppl):S182-S196. https://doi.org/10.1016/j.ajog.2015.07.
011

Teschendorff AE, Relton CL (2018) Statistical and integrative
system-level analysis of DNA methylation data. Nat Rev Genet
19(3):129. https://doi.org/10.1038/nrg.2017.86

Jaffe AE, Irizarry RA (2014) Accounting for cellular heterogene-
ity is critical in epigenome-wide association studies. Genome Biol
15(2):1-9. https://doi.org/10.1186/gb-2014-15-2-r31

Titus AJ, Gallimore RM, Salas LA, Christensen BC (2017) Cell-
type deconvolution from DNA methylation: a review of recent
applications. Hum Mol Genet 26(R2):R216-R224. https://doi.org/
10.1093/hmg/ddx275

Houseman EA, Accomando WP, Koestler DC, Christensen
BC, Marsit CJ, Nelson HH, Wiencke JK, Kelsey KT (2012)
DNA methylation arrays as surrogate measures of cell mixture
distribution. BMC Bioinform 13:86. https://doi.org/10.1186/
1471-2105-13-86

Houseman EA, Molitor J, Marsit CJ (2014) Reference-free cell
mixture adjustments in analysis of DNA methylation data. Bioin-
formatics 30(10):1431-1439. https://doi.org/10.1093/bioinforma
tics/btu029

Zou J, Lippert C, Heckerman D, Aryee M, Listgarten J (2014)
Epigenome-wide association studies without the need for cell-
type composition. Nat Methods 11(3):309-311. https://doi.org/
10.1038/nmeth.2815

Teschendorff AE, Zheng SC (2017) Cell-type deconvolution in
epigenome-wide association studies: a review and recommen-
dations. Epigenomics 9(5):757-768. https://doi.org/10.2217/
epi-2016-0153

Yuan V, Hui D, Yin Y, Penaherrera MS, Beristain AG, Robin-
son WP (2021) Cell-specific characterization of the placental
methylome. BMC Genom 22(1):1-20. https://doi.org/10.1186/
$12864-020-07186-6

Girchenko P, Lahti M, Tuovinen S, Savolainen K, Lahti J,
Binder EB, Reynolds RM, Entringer S, Buss C, Wadhwa PD,
Hamalainen E, Kajantie E, Pesonen AK, Villa PM, Laivuori H,
Raikkonen K (2017) Cohort Profile: Prediction and prevention
of preeclampsia and intrauterine growth restriction (PREDO)
study. Int J Epidemiol 46(5):1380-1381g. https://doi.org/10.
1093/ije/dyw154

Braun F, Hardt AK, Ehrlich L, Sloboda DM, Challis JRG,
Plagemann A, Henrich W, Braun T (2018) Sex-specific and
lasting effects of a single course of antenatal betamethasone
treatment on human placental 11beta-HSD2. Placenta 69:9-19.
https://doi.org/10.1016/j.placenta.2018.07.007

Springer

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

Braun T, Husar A, Challis JR, Dudenhausen JW, Henrich W,
Plagemann A, Sloboda DM (2013) Growth restricting effects
of a single course of antenatal betamethasone treatment and
the role of human placental lactogen. Placenta 34(5):407-415.
https://doi.org/10.1016/j.placenta.2013.02.002

Mayhew TM (2008) Taking tissue samples from the placenta:
an illustration of principles and strategies. Placenta 29(1):1-14.
https://doi.org/10.1016/j.placenta.2007.05.010

Maksimovic J, Phipson B, Oshlack A (2017) A cross-package
Bioconductor workflow for analysing methylation array data.
F1000Research 5:1-52. https://doi.org/10.12688/f1000research.
8839.3

Aryee MJ, Jaffe AE, Corrada-Bravo H, Ladd-Acosta C, Feinberg
AP, Hansen KD, Irizarry RA (2014) Minfi: a flexible and com-
prehensive Bioconductor package for the analysis of Infinium
DNA methylation microarrays. Bioinformatics 30(10):1363—
1369. https://doi.org/10.1093/bioinformatics/btu049
Touleimat N, Tost J (2012) Complete pipeline for Infinium
Human Methylation 450K BeadChip data processing using
subset quantile normalization for accurate DNA methylation
estimations. Epigenomics 4(3):325-341. https://doi.org/10.
2217/epi.12.21

Teschendorff AE, Marabita F, Lechner M, Bartlett T, Tegner
J, Gomez-Cabrero D, Beck S (2013) A beta-mixture quantile
normalization method for correcting probe design bias in Illu-
mina Infinium 450 k DNA methylation data. Bioinformatics
29(2):189-196. https://doi.org/10.1093/bioinformatics/bts680
Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD (2012)
The sva package for removing batch effects and other unwanted
variation in high-throughput experiments. Bioinformatics
28(6):882—-883. https://doi.org/10.1093/bioinformatics/bts034
Barfield RT, Almli LM, Kilaru V, Smith AK, Mercer KB, Dun-
can R, Klengel T, Mehta D, Binder EB, Epstein MP, Ressler KJ,
Conneely KN (2014) Accounting for population stratification
in DNA methylation studies. Genet Epidemiol 38(3):231-241.
https://doi.org/10.1002/gepi.21789

Dieckmann L, Lahti-Pulkkinen M, Kvist T, Lahti J, DeWitt PE,
Cruceanu C, Laivuori H, Sammallahti S, Villa PM, Suoma-
lainen-Konig S, Eriksson JG, Kajantie E, Raikkonen K, Binder
EB, Czamara D (2021) Characteristics of epigenetic aging
across gestational and perinatal tissues. Clin Epigenet 13(1):97.
https://doi.org/10.1186/s13148-021-01080-y

Czamara D, Dieckmann L, Roh S, Kraemer S, Rancourt RC,
Sammallahti S, Kajantie E, Laivuori H, Eriksson JG, Raikkonen
K, Henrich W, Plagemann A, Binder EB, Braun T, Entringer
S (2021) Betamethasone administration during pregnancy is
associated with placental epigenetic changes with implications
for inflammation. Clin Epigenet 13(1):165. https://doi.org/10.
1186/s13148-021-01153-y

Teschendorff AE, Breeze CE, Zheng SC, Beck S (2017)
A comparison of reference-based algorithms for correct-
ing cell-type heterogeneity in Epigenome-Wide Association
Studies. BMC Bioinform 18(1):105. https://doi.org/10.1186/
$12859-017-1511-5

Houseman EA, Kile ML, Christiani DC, Ince TA, Kelsey KT,
Marsit CJ (2016) Reference-free deconvolution of DNA meth-
ylation data and mediation by cell composition effects. BMC
Bioinform 17:259. https://doi.org/10.1186/s12859-016-1140-4
R Core Team (2020) R: a language and environment for statisti-
cal computing. R Foundation for Statistical Computing, Vienna,
Austria

Edgar RD, Jones MJ, Robinson WP, Kobor MS (2017) An
empirically driven data reduction method on the human 450K
methylation array to remove tissue specific non-variable CpGs.
Clin Epigenet 9:11. https://doi.org/10.1186/s13148-017-0320-z


https://doi.org/10.1055/s-0029-1237424
https://doi.org/10.2217/epi-2016-0171
https://doi.org/10.1098/rstb.2014.0066
https://doi.org/10.1093/bjaceaccp/mku013
https://doi.org/10.1055/s-0035-1570028
https://doi.org/10.1055/s-0035-1570028
https://doi.org/10.1093/humupd/dmq052
https://doi.org/10.1016/j.ajog.2015.07.011
https://doi.org/10.1016/j.ajog.2015.07.011
https://doi.org/10.1038/nrg.2017.86
https://doi.org/10.1186/gb-2014-15-2-r31
https://doi.org/10.1093/hmg/ddx275
https://doi.org/10.1093/hmg/ddx275
https://doi.org/10.1186/1471-2105-13-86
https://doi.org/10.1186/1471-2105-13-86
https://doi.org/10.1093/bioinformatics/btu029
https://doi.org/10.1093/bioinformatics/btu029
https://doi.org/10.1038/nmeth.2815
https://doi.org/10.1038/nmeth.2815
https://doi.org/10.2217/epi-2016-0153
https://doi.org/10.2217/epi-2016-0153
https://doi.org/10.1186/s12864-020-07186-6
https://doi.org/10.1186/s12864-020-07186-6
https://doi.org/10.1093/ije/dyw154
https://doi.org/10.1093/ije/dyw154
https://doi.org/10.1016/j.placenta.2018.07.007
https://doi.org/10.1016/j.placenta.2013.02.002
https://doi.org/10.1016/j.placenta.2007.05.010
https://doi.org/10.12688/f1000research.8839.3
https://doi.org/10.12688/f1000research.8839.3
https://doi.org/10.1093/bioinformatics/btu049
https://doi.org/10.2217/epi.12.21
https://doi.org/10.2217/epi.12.21
https://doi.org/10.1093/bioinformatics/bts680
https://doi.org/10.1093/bioinformatics/bts034
https://doi.org/10.1002/gepi.21789
https://doi.org/10.1186/s13148-021-01080-y
https://doi.org/10.1186/s13148-021-01153-y
https://doi.org/10.1186/s13148-021-01153-y
https://doi.org/10.1186/s12859-017-1511-5
https://doi.org/10.1186/s12859-017-1511-5
https://doi.org/10.1186/s12859-016-1140-4
https://doi.org/10.1186/s13148-017-0320-z

Reliability of a novel approach for reference-based cell type estimation in human placental...

Page170f18 115

34.

35.

36.

37.

38.

39.

Rooij Md, Weeda W (2020) Cross-validation: a method every
psychologist should know. Adv Methods Pract Psychol Sci
3(2):248-263. https://doi.org/10.1177/2515245919898466
Jaffe AE, Murakami P, Lee H, Leek JT, Fallin MD, Feinberg
AP, Irizarry RA (2012) Bump hunting to identify differentially
methylated regions in epigenetic epidemiology studies. Int J
Epidemiol 41(1):200-209. https://doi.org/10.1093/ije/dyr238
Jain A, Tuteja G (2019) TissueEnrich: tissue-specific gene
enrichment analysis. Bioinformatics 35(11):1966—1967. https://
doi.org/10.1093/bioinformatics/bty890

Jain A, Tuteja G (2021) PlacentaCellEnrich: a tool to charac-
terize gene sets using placenta cell-specific gene enrichment
analysis. Placenta 103:164—171. https://doi.org/10.1016/j.place
nta.2020.10.029

Vento-Tormo R, Efremova M, Botting RA, Turco MY, Vento-
Tormo M, Meyer KB, Park JE, Stephenson E, Polanski K, Gon-
calves A, Gardner L, Holmqvist S, Henriksson J, Zou A, Shar-
key AM, Millar B, Innes B, Wood L, Wilbrey-Clark A, Payne
RP, Ivarsson MA, Lisgo S, Filby A, Rowitch DH, Bulmer JN,
Wright GJ, Stubbington MJT, Haniffa M, Moffett A, Teichmann
SA (2018) Single-cell reconstruction of the early maternal-fetal
interface in humans. Nature 563(7731):347-353. https://doi.org/
10.1038/s41586-018-0698-6

Bathke AC, Harrar SW, Madden LV (2008) How to compare
small multivariate samples using nonparametric tests. Comput
Stat Data Anal 52(11):4951-4965. https://doi.org/10.1016/j.
csda.2008.04.006

Authors and Affiliations

Linda Dieckmann’-

40.

41.

42.

43.

44,

45.

Burchett WW, Ellis AR, Harrar SW, Bathke AC (2017) Non-
parametric inference for multivariate data: the R package npmv.
J Stat Softw. https://doi.org/10.18637/jss.v076.104

Liu Y, Fan X, Wang R, Lu X, Dang YL, Wang H, Lin HY, Zhu
C, Ge H, Cross JC, Wang H (2018) Single-cell RNA-seq reveals
the diversity of trophoblast subtypes and patterns of differentia-
tion in the human placenta. Cell Res 28(8):819-832. https://doi.
org/10.1038/541422-018-0066-y

Turco MY, Moffett A (2019) Development of the human pla-
centa. Development. https://doi.org/10.1242/dev.163428
Burton GJ, Sebire NJ, Myatt L, Tannetta D, Wang YL, Sadovsky
Y, Staft AC, Redman CW (2014) Optimising sample collection
for placental research. Placenta 35(1):9-22. https://doi.org/10.
1016/j.placenta.2013.11.005

Campbell KA, Colacino JA, Park SK, Bakulski KM (2020) Cell
types in environmental epigenetic studies: biological and epide-
miological frameworks. Curr Environ Health Rep 7(3):185-197.
https://doi.org/10.1007/s40572-020-00287-0

GTEx Consortium (2019) The GTEx Consortium atlas of genetic
regulatory effects across human tissues. Science 369(6509):1318—
1330. https://doi.org/10.1101/787903

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

- Cristiana Cruceanu’ - Marius Lahti-Pulkkinen®*? - Jari Lahti? - Tuomas Kvist? -

Hannele Laivuori®’® . Sara Sammallahti*>*%1° . Pia M. Villa®'"'2 . Sanna Suomalainen-Kénig' -

Rebecca C. Rancourt'? - Andreas Plagemann'? - Wolfgang Henrich'® - Johan G. Eriksson

15,16,17,18 |

Eero Kajantie**'92°. Sonja Entringer?'?2 . Thorsten Braun'* . Katri Raikkonen? - Elisabeth B. Binder'23 .
Darina Czamara'

Department of Translational Psychiatry, Max Planck
Institute of Psychiatry, Munich, Germany

International Max Planck Research School for Translational
Psychiatry, Munich, Germany

Department of Psychology and Logopedics, Faculty
of Medicine, University of Helsinki, Helsinki, Finland

Finnish Institute for Health and Welfare, Helsinki, Finland

Centre for Cardiovascular Science, Queen’s Medical
Research Institute, University of Edinburgh, Edinburgh, UK

Institute for Molecular Medicine Finland, HiLIFE, University
of Helsinki, Human Genetics, Helsinki, Finland

Medical and Clinical Genetics, University of Helsinki
and Helsinki University Hospital, Helsinki, Finland

Department of Obstetrics and Gynecology, Faculty

of Medicine and Health Technology, Center for Child,
Adolescent and Maternal Health, Tampere University
Hospital and University of Tampere, Tampere, Finland

Children’s Hospital, Helsinki University Hospital
and University of Helsinki, Helsinki, Finland

Department of Child and Adolescent Psychiatry, Erasmus
MC, Sophia Children’s Hospital, Rotterdam, The Netherlands

Department of Obstetrics and Gynecology, Helsinki
University Central Hospital, Helsinki, Finland

Hyvinkéd Hospital, Helsinki and Uusimaa Hospital District,
Hyvinkéd, Finland

Department of Experimental Obstetrics,
Charité-Universititsmedizin Berlin, Corporate Member

of Freie Universitit Berlin, Humboldt-Universitit Zu Berlin,
and Berlin Institute of Health (BIH), Berlin, Germany

Department of Obstetrics, Charité-Universitdtsmedizin
Berlin, Corporate Member of Freie Universitit Berlin,
Humboldt-Universitit Zu Berlin, and Berlin Institute
of Health (BIH), Berlin, Germany

Department of General Practice, University of Helsinki,
Helsinki, Finland

Folkhilsan Research Center, Helsinki, Finland

Department of Obstetrics and Gynaecology and Human
Potential Translational Research Programme, Yong Loo
Lin School of Medicine, National University of Singapore,
Singapore, Singapore

Singapore Institute for Clinical Sciences, Agency for Science,
Technology and Research (A*STAR), Singapore, Singapore

@ Springer


https://doi.org/10.1177/2515245919898466
https://doi.org/10.1093/ije/dyr238
https://doi.org/10.1093/bioinformatics/bty890
https://doi.org/10.1093/bioinformatics/bty890
https://doi.org/10.1016/j.placenta.2020.10.029
https://doi.org/10.1016/j.placenta.2020.10.029
https://doi.org/10.1038/s41586-018-0698-6
https://doi.org/10.1038/s41586-018-0698-6
https://doi.org/10.1016/j.csda.2008.04.006
https://doi.org/10.1016/j.csda.2008.04.006
https://doi.org/10.18637/jss.v076.i04
https://doi.org/10.1038/s41422-018-0066-y
https://doi.org/10.1038/s41422-018-0066-y
https://doi.org/10.1242/dev.163428
https://doi.org/10.1016/j.placenta.2013.11.005
https://doi.org/10.1016/j.placenta.2013.11.005
https://doi.org/10.1007/s40572-020-00287-0
https://doi.org/10.1101/787903
http://orcid.org/0000-0002-1050-0098

115 Page 18 of 18

L. Dieckmann et al.

19 Faculty of Medicine, PEDEGO Research Unit, MRC Oulu,
Oulu University Hospital and University of Oulu, Oulu,
Finland

20 Department of Clinical and Molecular Medicine, Norwegian

University of Science and Technology, Trondheim, Norway

2 Institute of Medical Psychology, Charité-Universititsmedizin

Berlin, Corporate Member of Freie Universitit Berlin,

@ Springer

22

23

Humboldt-Universitit Zu Berlin, and Berlin Institute
of Health (BIH), Berlin, Germany

Department of Pediatrics, Development, Health, and Disease
Research Program, University of California, Irvine, CA, USA

Department of Psychiatry and Behavioral Sciences, Emory
University School of Medicine, Atlanta, GA, USA



References 51

References

Abdul-Hussein, A., Kareem, A., Tewari, S., Bergeron, J., Briollais, L., Challis, J. R. G., Davidge,
S. T., Delrieux, C., Fortier, I., Goldowitz, D., Nepomnaschy, P., Wazana, A., & Connor,
K. L. (2021). Early life risk and resiliency factors and their influences on developmental
outcomes and disease pathways: a rapid evidence review of systematic reviews and
meta-analyses. Journal of Developmental Origins of Health and Disease, 12(3), 357-372.
https://doi.org/10.1017/S2040174420000689

Alcantara-Alonso, V., Panetta, P., de Gortari, P., & Grammatopoulos, D. K. (2017). Corticotropin-
Releasing Hormone As the Homeostatic Rheostat of Feto-Maternal Symbiosis and
Developmental Programming In Utero and Neonatal Life. Front Endocrinol (Lausanne),
8, 161. https://doi.org/10.3389/fendo.2017.00161

Alisch, R. S., Barwick, B. G., Chopra, P., Myrick, L. K., Satten, G. A., Conneely, K. N., & Warren,
S. T. (2012). Age-associated DNA methylation in pediatric populations. Genome Res,
22(4), 623-632. https://doi.org/10.1101/gr.125187.111

Almeida, D. L., Pavanello, A., Saavedra, L. P., Pereira, T. S., de Castro-Prado, M. A. A., & de
Freitas Mathias, P. C. (2019). Environmental monitoring and the developmental origins
of health and disease. Journal of Developmental Origins of Health and Disease, 10(6),
608-615. https://doi.org/10.1017/S2040174419000151

Almgren, M., Schlinzig, T., Gomez-Cabrero, D., Gunnar, A., Sundin, M., Johansson, S., Norman,
M., & Ekstrom, T. J. (2014). Cesarean delivery and hematopoietic stem cell epigenetics
in the newborn infant: implications for future health? Am J Obstet Gynecol, 211(5), 502
€501-508. https://doi.org/10.1016/j.ajog.2014.05.014

Andrews, S. V., Yang, I. J., Froehlich, K., Oskotsky, T., & Sirota, M. (2022). Large-scale placenta
DNA methylation integrated analysis reveals fetal sex-specific differentially methylated
CpG sites and regions. Scientific Reports, 12(1), 9396. https://doi.org/10.1038/s41598-
022-13544-z

Arima, Y., & Fukuoka, H. (2020). Developmental origins of health and disease theory in
cardiology. J Cardiol, 76(1), 14-17. https://doi.org/10.1016/j.jjcc.2020.02.003

Arett, M. G., Muglia, L. M., Laryea, G., & Muglia, L. J. (2016). Genetic Approaches to
Hypothalamic-Pituitary-Adrenal Axis Regulation. Neuropsychopharmacology, 41(1), 245-
260. https://doi.org/10.1038/npp.2015.215

Bale, T. L., Baram, T. Z.,, Brown, A. S., Goldstein, J. M., Insel, T. R., McCarthy, M. M., Nemeroff,
C. B,, Reyes, T. M., Simerly, R. B., Susser, E. S., & Nestler, E. J. (2010). Early life
programming and neurodevelopmental disorders. Biol Psychiatry, 68(4), 314-319.
https://doi.org/10.1016/j.biopsych.2010.05.028

Barker, D. J. P. (1995). Intrauterine programming of adult disease. Mol Med Today, 1(9), 418-
423. https://doi.org/10.1016/s1357-4310(95)90793-9

Barker, D. J. P. (1998). In utero programming of chronic disease. Clin Sci (Lond), 95(2), 115-128.
https://doi.org/10.1042/cs0950115

Barker, D. J. P. (2007). The origins of the developmental origins theory. J Intern Med, 261(5),
412-417. https://doi.org/10.1111/j.1365-2796.2007.01809.x

Barker, D. J. P., Eriksson, J. G., Forsén, T., & Osmond, C. (2002). Fetal origins of adult disease:
strength of  effects and biological basis. Int J  Epidemiol(6).
https://doi.org/10.1093/ije/31.6.1235

Barker, D. J. P., Gluckman, P. D., Godfrey, K. M., Harding, J. E., Owens, J. A., & Robinson, J. S.
(1993). Fetal nutrition and cardiovascular disease in adult life. Lancet, 341(8850).
https://doi.org/0.1016/0140-6736(93)91224-a.

Barouki, R., Gluckman, P. D., Grandjean, P., Hanson, M., & Heindel, J. J. (2012). Developmental
origins of non-communicable disease: Implications for research and public health.
Environ Health, 11. https://doi.org/https://doi.org/10.1186/1476-069X-11-42

Bassil, K., Krontira, A. C., Leroy, T., Escoto, A. I. H., Snijders, C., Pernia, C. D., Pasterkamp, R.
J., de Nijs, L., van den Hove, D., Kenis, G., Boks, M. P., Vadodaria, K., Daskalakis, N.



https://doi.org/10.1017/S2040174420000689
https://doi.org/10.3389/fendo.2017.00161
https://doi.org/10.1101/gr.125187.111
https://doi.org/10.1017/S2040174419000151
https://doi.org/10.1016/j.ajog.2014.05.014
https://doi.org/10.1038/s41598-022-13544-z
https://doi.org/10.1038/s41598-022-13544-z
https://doi.org/10.1016/j.jjcc.2020.02.003
https://doi.org/10.1038/npp.2015.215
https://doi.org/10.1016/j.biopsych.2010.05.028
https://doi.org/10.1016/s1357-4310(95)90793-9
https://doi.org/10.1042/cs0950115
https://doi.org/10.1111/j.1365-2796.2007.01809.x
https://doi.org/10.1093/ije/31.6.1235
https://doi.org/0.1016/0140-6736(93)91224-a
https://doi.org/https:/doi.org/10.1186/1476-069X-11-42

References 52

P., Binder, E. B., & Rutten, B. P. F. (2023). In vitro modeling of the neurobiological effects
of glucocorticoids: A review. Neurobiol Stress, 23, 100530.
https://doi.org/10.1016/j.ynstr.2023.100530

Bateson, P., Gluckman, P., & Hanson, M. (2014). The biology of developmental plasticity and the
Predictive Adaptive Response hypothesis. J Physiol, 592(11), 2357-2368.
https://doi.org/10.1113/jphysiol.2014.27 1460

Bell, C. G., Lowe, R., Adams, P. D., Baccarelli, A. A., Beck, S., Bell, J. T., Christensen, B. C.,
Gladyshev, V. N., Heijmans, B. T., Horvath, S., Ideker, T., Issa, J. J., Kelsey, K. T,
Marioni, R. E., Reik, W., Relton, C. L., Schalkwyk, L. C., Teschendorff, A. E., Wagner,
W., Zhang, K., & Rakyan, V. K. (2019). DNA methylation aging clocks: challenges and
recommendations. Genome Biol, 20(1), 249. https://doi.org/10.1186/s13059-019-1824-y

Bellinger, D. C. (2013). Prenatal Exposures to Environmental Chemicals and Children's
Neurodevelopment: An Update. Saf  Health Work, 4(1), 1-11.
https://doi.org/10.5491/shaw.2013.4.1.1

Benediktsson, R., Calder, A. A., Edwards, C. R. W., & Seckl, J. R. (1997). Placental 118-
hydroxysteroid dehydrogenase: a key regulator of fetal glucocorticoid exposure. Clinical
Endocrinology, 46(2), 161-166. https://doi.org/https://doi.org/10.1046/j.1365-
2265.1997.1230939.x

Benirschke, K. (2004). The Placenta: Structure and Function. NeoReviews, 5(6), e252-e261.
https://doi.org/10.1542/ne0.5-6-e252

Bergsma, T., & Rogaeva, E. (2020). DNA Methylation Clocks and Their Predictive Capacity for
Aging Phenotypes and Healthspan. Neuroscience Insights, 15, 1-11.
https://doi.org/10.1177/2633105520942221

Bernabeu, E., McCartney, D. L., Gadd, D. A, Hillary, R. F., Lu, A. T., Murphy, L., Wrobel, N.,
Campbell, A., Harris, S. E., Liewald, D., Hayward, C., Sudlow, C., Cox, S. R., Evans, K.
L., Horvath, S., Mcintosh, A. M., Robinson, M. R., Vallgjos, C. A., & Marioni, R. E. (2023).
Refining epigenetic prediction of chronological and biological age. Genome Medicine,
15(1), 12. https://doi.org/10.1186/s13073-023-01161-y

Bhattacharya, A., Freedman, A. N., Avula, V., Harris, R., Liu, W., Pan, C., Lusis, A. J., Joseph,
R. M., Smeester, L., Hartwell, H. J., Kuban, K. C. K., Marsit, C. J., Li, Y., O'Shea, T. M.,
Fry, R. C., & Santos, H. P., Jr. (2022). Placental genomics mediates genetic associations
with  complex health traits and disease. Nat Commun, 13(1), 706.
https://doi.org/10.1038/s41467-022-28365-x

Bianco-Miotto, T., Mayne, B. T., Buckberry, S., Breen, J., Rodriguez Lopez, C. M., & Roberts, C.
T. (2016). Recent progress towards understanding the role of DNA methylation in human
placental development. Reproduction, 152(1), R23-30. https://doi.org/10.1530/REP-16-
0014

Bird, A. P. (1986). CpG-rich islands and the function of DNA methylation. Nature, 321(6067), 209-
213. https://doi.org/10.1038/321209a0

Black, M. M., Walker, S. P., Fernald, L. C. H., Andersen, C. T., DiGirolamo, A. M., Lu, C., McCoy,
D. C,, Fink, G., Shawar, Y. R., Shiffman, J., Devercelli, A. E., Wodon, Q. T., Vargas-
Baron, E., Grantham-McGregor, S., & Lancet Early Childhood Development Series
Steering, C. (2017). Early childhood development coming of age: science through the life
course. Lancet, 389(10064), 77-90. https://doi.org/10.1016/S0140-6736(16)31389-7

Bohlin, J., Haberg, S. E., Magnus, P., Reese, S. E., Gjessing, H. K., Magnus, M. C., Parr, C. L.,
Page, C. M., London, S. J., & Nystad, W. (2016). Prediction of gestational age based on
genome-wide differentially methylated regions. Genome Biol, 17(1), 207.
https://doi.org/10.1186/s13059-016-1063-4

Bollati, V., & Baccarelli, A. (2010). Environmental epigenetics. Heredity, 105(1), 105-112.
https://doi.org/10.1038/hdy.2010.2

Bronson, S. L., & Bale, T. L. (2016). The Placenta as a Mediator of Stress Effects on
Neurodevelopmental Reprogramming. Neuropsychopharmacology, 41(1), 207-218.
https://doi.org/10.1038/npp.2015.231



https://doi.org/10.1016/j.ynstr.2023.100530
https://doi.org/10.1113/jphysiol.2014.271460
https://doi.org/10.1186/s13059-019-1824-y
https://doi.org/10.5491/shaw.2013.4.1.1
https://doi.org/https:/doi.org/10.1046/j.1365-2265.1997.1230939.x
https://doi.org/https:/doi.org/10.1046/j.1365-2265.1997.1230939.x
https://doi.org/10.1542/neo.5-6-e252
https://doi.org/10.1177/2633105520942221
https://doi.org/10.1186/s13073-023-01161-y
https://doi.org/10.1038/s41467-022-28365-x
https://doi.org/10.1530/REP-16-0014
https://doi.org/10.1530/REP-16-0014
https://doi.org/10.1038/321209a0
https://doi.org/10.1016/S0140-6736(16)31389-7
https://doi.org/10.1186/s13059-016-1063-4
https://doi.org/10.1038/hdy.2010.2
https://doi.org/10.1038/npp.2015.231

References 53

Burton, G. J., & Fowden, A. L. (2015). The placenta: a multifaceted, transient organ. Philos Trans
R Soc Lond B Biol Sci, 370(1663), 20140066. https://doi.org/10.1098/rstb.2014.0066

Burton, G. J., Fowden, A. L., & Thornburg, K. L. (2016). Placental Origins of Chronic Disease.
Physiol Rev, 96(4), 1509-1565. https://doi.org/10.1152/physrev.00029.2015

Burton, G. J., Jauniaux, E., & Charnock-Jones, D. S. (2009). The influence of the intrauterine
environment on human placental development. International Journal of Developmental
Biology, 54(2-3), 303-311.

Burton, G. J., Sebire, N. J., Myatt, L., Tannetta, D., Wang, Y. L., Sadovsky, Y., Staff, A. C., &
Redman, C. W. (2014). Optimising sample collection for placental research. Placenta,
35(1), 9-22. https://doi.org/10.1016/j.placenta.2013.11.005

Campagna, M. P., Xavier, A., Lechner-Scott, J., Maltby, V., Scott, R. J., Butzkueven, H.,
Jokubaitis, V. G., & Lea, R. A. (2021). Epigenome-wide association studies: current
knowledge, strategies and recommendations. Clinical Epigenetics, 13(1), 214.
https://doi.org/10.1186/s13148-021-01200-8

Capp, J. P. (2021). Interplay between genetic, epigenetic, and gene expression variability:
Considering  complexity in  evolvability.  Evol  Appl, 14(4), 893-901.
https://doi.org/10.1111/eva.13204

Carlson, B. M. (2014). Chapter 7 - Placenta and Extraembryonic Membranes. In B. M. Carlson
(Ed.), Human Embryology and Developmental Biology (Fifth Edition) (pp. 117-135). W.B.
Saunders. https://doi.org/https://doi.org/10.1016/B978-1-4557-2794-0.00007-3

Caruso, M., Evangelista, M., & Parolini, O. (2012). Human term placental cells: phenotype,
properties and new avenues in regenerative medicine. International journal of molecular
and cellular medicine, 1(2), 64.

Chatterjee, S., Ouidir, M., & Tekola-Ayele, F. (2021). Genetic and in utero environmental
contributions to DNA methylation variation in placenta. Hum Mol Genet, 30(21), 1968-
1976. https://doi.org/10.1093/hmg/ddab161

Chatuphonprasert, W., Jarukamjorn, K., & Ellinger, 1. (2018). Physiology and Pathophysiology of
Steroid Biosynthesis, Transport and Metabolism in the Human Placenta. Front
Pharmacol, 9, 1027. https://doi.org/10.3389/fphar.2018.01027

Cindrova-Davies, T., & Sferruzzi-Perri, A. N. (2022). Human placental development and function.
Seminars in Cell & Developmental Biology, 131, 66-77.
https://doi.org/https://doi.org/10.1016/j.semcdb.2022.03.039

Clark, H., Coll-Seck, A. M., Banerjee, A., Peterson, S., Dalglish, S. L., Ameratunga, S.,
Balabanova, D., Bhan, M. K., Bhutta, Z. A., Borrazzo, J., Claeson, M., Doherty, T., EI-
Jardali, F., George, A. S., Gichaga, A., Gram, L., Hipgrave, D. B., Kwamie, A., Meng, Q.,
Mercer, R., Narain, S., Nsungwa-Sabiiti, J., Olumide, A. O., Osrin, D., Powell-Jackson,
T., Rasanathan, K., Rasul, I., Reid, P., Requejo, J., Rohde, S. S., Rollins, N.,
Romedenne, M., Singh Sachdev, H., Saleh, R., Shawar, Y. R., Shiffman, J., Simon, J.,
Sly, P. D., Stenberg, K., Tomlinson, M., Ved, R. R., & Costello, A. (2020). A future for the
world's children? A WHO-UNICEF-Lancet Commission. Lancet, 395(10224), 605-658.
https://doi.org/10.1016/S0140-6736(19)32540-1

Cleal, J. K., Poore, K. R., & Lewis, R. M. (2022). The placental exposome, placental epigenetic
adaptations and lifelong cardio-metabolic health. Molecular Aspects of Medicine, 87,
101095. https://doi.org/https://doi.org/10.1016/j.mam.2022.101095

Colwell, M. L., Townsel, C., Petroff, R. L., Goodrich, J. M., & Dolinoy, D. C. (2023). Epigenetics
and the exposome: DNA methylation as a proxy for health impacts of prenatal
environmental exposures. Exposome, 3(1). https://doi.org/10.1093/exposome/osad001

Cruceanu, C., Matosin, N., & Binder, E. B. (2017). Interactions of early-life stress with the genome
and epigenome: from prenatal stress to psychiatric disorders. Current Opinion in
Behavioral Sciences, 14, 167-171. https://doi.org/10.1016/j.cobeha.2017.04.001

Czamara, D., Eraslan, G., Page, C. M., Lahti, J., Lahti-Pulkkinen, M., Hamalainen, E., Kajantie,
E., Laivuori, H., Villa, P. M., Reynolds, R. M., Nystad, W., Haberg, S. E., London, S. J.,
O’Donnell, K. J., Garg, E., Meaney, M. J., Entringer, S., Wadhwa, P. D., Buss, C., Jones,
M. J., Lin, D. T. S., Maclsaac, J. L., Kobor, M. S., Koen, N., Zar, H. J., Koenen, K. C.,



https://doi.org/10.1098/rstb.2014.0066
https://doi.org/10.1152/physrev.00029.2015
https://doi.org/10.1016/j.placenta.2013.11.005
https://doi.org/10.1186/s13148-021-01200-8
https://doi.org/10.1111/eva.13204
https://doi.org/https:/doi.org/10.1016/B978-1-4557-2794-0.00007-3
https://doi.org/10.1093/hmg/ddab161
https://doi.org/10.3389/fphar.2018.01027
https://doi.org/https:/doi.org/10.1016/j.semcdb.2022.03.039
https://doi.org/10.1016/S0140-6736(19)32540-1
https://doi.org/https:/doi.org/10.1016/j.mam.2022.101095
https://doi.org/10.1093/exposome/osad001
https://doi.org/10.1016/j.cobeha.2017.04.001

References 54

Dalvie, S., Stein, D. J., Kondofersky, I., Miller, N. S., Theis, F. J., Wray, N. R., Ripke, S.,
Mattheisen, M., Trzaskowski, M., Byrne, E. M., Abdellaoui, A., Adams, M. J., Agerbo, E.,
Air, T. M., Andlauer, T. F. M., Bacanu, S.-A., Bekvad-Hansen, M., Beekman, A. T. F.,
Bigdeli, T. B., Blackwood, D. H. R., Bryois, J., Buttenschgn, H. N., Bybjerg-Grauholm, J.,
Cai, N., Castelao, E., Christensen, J. H., Clarke, T.-K., Coleman, J. R. |., Colodro-Conde,
L., Couvy-Duchesne, B., Craddock, N., Crawford, G. E., Davies, G., Deary, I. J.,
Degenhardt, F., Derks, E. M., Direk, N., Dolan, C. V., Dunn, E. C., Eley, T. C., Escott-
Price, V., Kiadeh, F. F. H., Finucane, H. K., Forstner, A. J., Frank, J., Gaspar, H. A., Gill,
M., Goes, F. S., Gordon, S.D., Grove, J., Hall, L. S., Hansen, C. S., Hansen, T. F., Herms,
S., Hickie, I. B., Hoffmann, P., Homuth, G., Horn, C., Hottenga, J.-J., Hougaard, D. M.,
Ising, M., Jansen, R., Jorgenson, E., Knowles, J. A., Kohane, I. S., Kraft, J., Kretzschmair,
W. W., Krogh, J., Kutalik, Z., Li, Y., Lind, P. A., MacIntyre, D. J., MacKinnon, D. F., Maier,
R. M., Maier, W., Marchini, J., Mbarek, H., McGrath, P., McGuffin, P., Medland, S. E.,
Mehta, D., Middeldorp, C. M., Mihailov, E., Milaneschi, Y., Milani, L., Mondimore, F. M.,
Montgomery, G. W., Mostafavi, S., Mullins, N., Nauck, M., Ng, B., Nivard, M. G., Nyholt,
D. R., OReilly, P. F., Oskarsson, H., Owen, M. J., Painter, J. N., Pedersen, C. B.,
Pedersen, M. G., Peterson, R. E., Pettersson, E., Peyrot, W. J., Pistis, G., Posthuma, D.,
Quiroz, J. A, Quist, P., Rice, J. P., Riley, B. P., Rivera, M., Mirza, S. S., Schoevers, R.,
Schulte, E. C., Shen, L., Shi, J., Shyn, S. I., Sigurdsson, E., Sinnamon, G. C. B., Smit, J.
H., Smith, D. J., Stefansson, H., Steinberg, S., Streit, F., Strohmaier, J., Tansey, K. E.,
Teismann, H., Teumer, A., Thompson, W., Thomson, P. A., Thorgeirsson, T. E., Traylor,
M., Treutlein, J., Trubetskoy, V., Uitterlinden, A. G., Umbricht, D., Van der Auwera, S.,
van Hemert, A. M., Viktorin, A., Visscher, P. M., Wang, Y., Webb, B. T., Weinsheimer, S.
M., Wellmann, J., Willemsen, G., Witt, S. H., Wu, Y., Xi, H. S., Yang, J., Zhang, F., Arolt,
V., Baune, B. T., Berger, K., Boomsma, D. I., Cichon, S., Dannlowski, U., de Geus, E. J.
C., DePaulo, J. R., Domenici, E., Domschke, K., Esko, T., Grabe, H. J., Hamilton, S. P.,
Hayward, C., Heath, A. C., Kendler, K. S., Kloiber, S., Lewis, G., Li, Q. S., Lucae, S.,
Madden, P. A. F., Magnusson, P. K., Martin, N. G., McIntosh, A. M., Metspalu, A., Mors,
0., Mortensen, P. B., Miller-Myhsok, B., Nordentoft, M., N6then, M. M., O’'Donovan, M.
C., Paciga, S. A., Pedersen, N. L., Penninx, B. W. J. H., Perlis, R. H., Porteous, D. J.,
Potash, J. B., Preisig, M., Rietschel, M., Schaefer, C., Schulze, T. G., Smoller, J. W.,
Stefansson, K., Tiemeier, H., Uher, R., Vélzke, H., Weissman, M. M., Werge, T., Lewis,
C. M., Levinson, D. F., Breen, G., Bgrglum, A. D., Sullivan, P. F., Raikkénen, K., Binder,
E. B., & Major Depressive Disorder Working Group of the Psychiatric Genomics, C.
(2019). Integrated analysis of environmental and genetic influences on cord blood DNA
methylation in new-borns. Nature Communications, 10(1), 2548.
https://doi.org/10.1038/s41467-019-10461-0

Davis, E. P., & Narayan, A. J. (2020). Pregnancy as a period of risk, adaptation, and resilience
for mothers and infants. Dev  Psychopathol, 32(5), 1625-1639.
https://doi.org/10.1017/S0954579420001121

de Mendoza, A., Nguyen, T. V., Ford, E., Poppe, D., Buckberry, S., Pflueger, J., Grimmer, M. R,
Stolzenburg, S., Bogdanovic, O., Oshlack, A., Farnham, P. J., Blancafort, P., & Lister, R.
(2022). Large-scale manipulation of promoter DNA methylation reveals context-specific
transcriptional responses and stabilty. Genome  Biology, 23(1), 163.
https://doi.org/10.1186/s13059-022-02728-5

de Souza, N. (2018). Organoids. Nature Methods, 15(1), 23-23.
https://doi.org/10.1038/nmeth.4576

Declerck, K., & Vanden Berghe, W. (2018). Back to the future: Epigenetic clock plasticity towards
healthy aging. Mechanisms of Ageing and Development, 174, 18-29.
https://doi.org/10.1016/j.mad.2018.01.002

DeSocio, J. E. (2018). Epigenetics, maternal prenatal psychosocial stress, and infant mental
health. Arch Psychiatr Nurs, 32(6), 901-906. https://doi.org/10.1016/j.apnu.2018.09.001

Dhar, G. A, Saha, S., Mitra, P., & Nag Chaudhuri, R. (2021). DNA methylation and regulation of
gene expression: Guardian of our health. Nucleus (Calcutta), 64(3), 259-270.
https://doi.org/10.1007/s13237-021-00367-y

Dhingra, R., Nwanaji-Enwerem, J. C., Samet, M., & Ward-Caviness, C. K. (2018). DNA
Methylation Age-Environmental Influences, Health Impacts, and Its Role in



https://doi.org/10.1038/s41467-019-10461-0
https://doi.org/10.1017/S0954579420001121
https://doi.org/10.1186/s13059-022-02728-5
https://doi.org/10.1038/nmeth.4576
https://doi.org/10.1016/j.mad.2018.01.002
https://doi.org/10.1016/j.apnu.2018.09.001
https://doi.org/10.1007/s13237-021-00367-y

References 55

Environmental Epidemiology. Curr Environ Health Rep, 5(3), 317-327.
https://doi.org/10.1007/s40572-018-0203-2

Dieckmann, L., Cruceanu, C., Lahti-Pulkkinen, M., Lahti, J., Kvist, T., Laivuori, H., Sammallahti,
S., Villa, P. M., Suomalainen-Konig, S., Rancourt, R. C., Plagemann, A., Henrich, W.,
Eriksson, J. G., Kajantie, E., Entringer, S., Braun, T., Raikkonen, K., Binder, E. B., &
Czamara, D. (2022). Reliability of a novel approach for reference-based cell type
estimation in human placental DNA methylation studies. Cell Mol Life Sci, 79(2), 115.
https://doi.org/10.1007/s00018-021-04091-3

Dieckmann, L., Lahti-Pulkkinen, M., Kvist, T., Lahti, J., DeWitt, P. E., Cruceanu, C., Laivuori, H.,
Sammallahti, S., Villa, P. M., Suomalainen-Konig, S., Eriksson, J. G., Kajantie, E.,
Raikkonen, K., Binder, E. B., & Czamara, D. (2021). Characteristics of epigenetic aging
across gestational and perinatal tissues. Clin Epigenetics, 13(1), 97.
https://doi.org/10.1186/s13148-021-01080-y

Dor, Y., & Cedar, H. (2018). Principles of DNA methylation and their implications for biology and
medicine. Lancet, 392(10149), 777-786. https://doi.org/10.1016/S0140-6736(18)31268-
6

Doyle, O., Harmon, C. P., Heckman, J. J., & Tremblay, R. E. (2009). Investing in early human
development: timing and economic efficiency. Econ Hum Biol, 7(1), 1-6.
https://doi.org/10.1016/j.ehb.2009.01.002

Every Woman Every Child. (2015). The global strategy for women's, children's and adolescents'
health (2016-2030). Retrieved 02.03.2023, from
http://globalstrategy.everywomaneverychild.org/pdf/EWEC globalstrategyreport 20091
5 FINAL_ WEB.pdf

Fall, C. H. (2013). Fetal malnutrition and long-term outcomes. Nestle Nutr Inst Workshop Ser, 74,
11-25. https://doi.org/10.1159/000348384

Feil, R., & Fraga, M. F. (2012). Epigenetics and the environment: emerging patterns and
implications. Nat Rev Genet, 13(2), 97-109. https://doi.org/10.1038/nrg3142

Felix, J. F., & Cecil, C. A. M. (2019). Population DNA methylation studies in the Developmental
Origins of Health and Disease (DOHaD) framework. J Dev Orig Health Dis, 10(3), 306-
313. https://doi.org/10.1017/S2040174418000442

Felix, J. F., Joubert, B. R., Baccarelli, A. A., Sharp, G. C., Almqvist, C., Annesi-Maesano, I.,
Arshad, H., Baiz, N., Bakermans-Kranenburg, M. J., Bakulski, K. M., Binder, E. B.,
Bouchard, L., Breton, C. V., Brunekreef, B., Brunst, K. J., Burchard, E. G., Bustamante,
M., Chatzi, L., Cheng Munthe-Kaas, M., Corpeleijn, E., Czamara, D., Dabelea, D., Davey
Smith, G., De Boever, P., Duijts, L., Dwyer, T., Eng, C., Eskenazi, B., Everson, T. M.,
Falahi, F., Fallin, M. D., Farchi, S., Fernandez, M. F., Gao, L., Gaunt, T. R., Ghantous,
A., Gillman, M. W., Gonseth, S., Grote, V., Gruzieva, O., Haberg, S. E., Herceg, Z., Hivert,
M. F., Holland, N., Holloway, J. W., Hoyo, C., Hu, D., Huang, R. C., Huen, K., Jarvelin,
M. R., Jima, D. D., Just, A. C., Karagas, M. R., Karlsson, R., Karmaus, W., Kechris, K. J.,
Kere, J., Kogevinas, M., Koletzko, B., Koppelman, G. H., Klpers, L. K., Ladd-Acosta, C.,
Lahti, J., Lambrechts, N., Langie, S. A. S,, Lie, R. T., Liu, A. H., Magnus, M. C., Magnus,
P., Maguire, R. L., Marsit, C. J., McArdle, W., Melén, E., Melton, P., Murphy, S. K,
Nawrot, T. S., Nistico, L., Nohr, E. A., Nordlund, B., Nystad, W., Oh, S. S., Oken, E.,
Page, C. M., Perron, P., Pershagen, G., Pizzi, C., Plusquin, M., Raikkonen, K., Reese,
S. E., Reischl, E., Richiardi, L., Ring, S., Roy, R. P., Rzehak, P., Schoeters, G., Schwartz,
D. A, Sebert, S., Snieder, H., Sarensen, T. I. A., Starling, A. P., Sunyer, J., Taylor, J. A,,
Tiemeier, H., Ullemar, V., Vafeiadi, M., Van ljzendoorn, M. H., Vonk, J. M., Vriens, A,
Vrijheid, M., Wang, P., Wiemels, J. L., Wilcox, A. J., Wright, R. J., Xu, C. J., Xu, Z., Yang,
I. V., Yousefi, P., Zhang, H., Zhang, W., Zhao, S., Agha, G., Relton, C. L., Jaddoe, V. W.
V., & London, S. J. (2018). Cohort Profile: Pregnancy And Childhood Epigenetics (PACE)
Consortium. Int J Epidemiol, 47(1), 22-23u. https://doi.org/10.1093/ije/dyx190

Field, A. E., Robertson, N. A., Wang, T., Havas, A., Ideker, T., & Adams, P. D. (2018). DNA
Methylation Clocks in Aging: Categories, Causes, and Consequences. Mol Cell, 71(6),
882-895. https://doi.org/10.1016/j.molcel.2018.08.008

Figueiré-Filho, E. A., Mak, L. E., Reynolds, J. N., Stroman, P. W., Smith, G. N., Forkert, N. D.,
Paolozza, A., Réatsep, M. T., & Croy, B. A. (2017). Neurological function in children born



https://doi.org/10.1007/s40572-018-0203-2
https://doi.org/10.1007/s00018-021-04091-3
https://doi.org/10.1186/s13148-021-01080-y
https://doi.org/10.1016/S0140-6736(18)31268-6
https://doi.org/10.1016/S0140-6736(18)31268-6
https://doi.org/10.1016/j.ehb.2009.01.002
http://globalstrategy.everywomaneverychild.org/pdf/EWEC_globalstrategyreport_200915_FINAL_WEB.pdf
http://globalstrategy.everywomaneverychild.org/pdf/EWEC_globalstrategyreport_200915_FINAL_WEB.pdf
https://doi.org/10.1159/000348384
https://doi.org/10.1038/nrg3142
https://doi.org/10.1017/S2040174418000442
https://doi.org/10.1093/ije/dyx190
https://doi.org/10.1016/j.molcel.2018.08.008

References 56

to preeclamptic and hypertensive mothers - A systematic review. Pregnancy Hypertens,
10, 1-6. https://doi.org/10.1016/j.preghy.2017.07.144

Frangogiannis, N. G. (2022). Why animal model studies are lost in translation. J Cardiovasc
Aging, 2(2). https://doi.org/10.20517/jca.2022.10

Galow, A. M., & Peleg, S. (2022). How to Slow down the Ticking Clock: Age-Associated
Epigenetic Alterations and Related Interventions to Extend Life Span. Cells, 11(3).
https://doi.org/10.3390/cells 11030468

Gheissari, R., Liao, J., Garcia, E., Pavlovic, N., Gilliland, F. D., Xiang, A. H., & Chen, Z. (2022).
Health Outcomes in Children Associated with Prenatal and Early-Life Exposures to Air
Pollution: A Narrative Review. Toxics, 10(8), 458. https://www.mdpi.com/2305-
6304/10/8/458

Gibney, E. R., & Nolan, C. M. (2010). Epigenetics and gene expression. Heredity (Edinb), 105(1),
4-13. https://doi.org/10.1038/hdy.2010.54

Gluckman, P. D., & Hanson, M. A. (2004). Living with the Past: Evolution, Development, and
Patterns of Disease. Science, 305. https://doi.org/10.1126/science.1095292

Gluckman, P. D., Hanson, M. A., Cooper, C., & Thornburg, K. L. (2008). Effect of in utero and
early-life conditions on adult health and disease. N Engl J Med, 359(1), 61-73.
https://doi.org/10.1056/NEJMra0708473

Gluckman, P. D., Hanson, M. A., & Spencer, H. G. (2005). Predictive adaptive responses and
human evolution. Trends Ecol Evol, 20(10), 527-533.
https://doi.org/10.1016/j.tree.2005.08.001

Godfrey, K. M. (2002). The role of the placenta in fetal programming-a review. Placenta, 23 Suppl!
A, S20-27. https://doi.org/10.1053/plac.2002.0773

Godfrey, K. M., & Barker, D. J. (2001). Fetal programming and adult health. Public Health Nutr,
4(2B), 611-624. https://doi.org/10.1079/phn2001145

Godfrey, K. M., Costello, P. M., & Lillycrop, K. A. (2015). The developmental environment,
epigenetic biomarkers and long-term health. J Dev Orig Health Dis, 6(5), 399-406.
https://doi.org/10.1017/S204017441500121X

Govender, P., Ghai, M., & Okpeku, M. (2022). Sex-specific DNA methylation: impact on human
health and development. Molecular Genetics and Genomics, 297(6), 1451-1466.
https://doi.org/10.1007/s00438-022-01935-w

Goyal, D., Limesand, S. W., & Goyal, R. (2019). Epigenetic responses and the developmental
origins of health and disease. J Endocrinol, 242(1), T105-T119.
https://doi.org/10.1530/JOE-19-0009

Griffiths, S. K., & Campbell, J. P. (2015). Placental structure, function and drug transfer.
Continuing Education in Anaesthesia Critical Care & Pain, 15(2), 84-89.
https://doi.org/10.1093/bjaceaccp/mku013

GTEx Consortium. (2019). The GTEx Consortium atlas of genetic regulatory effects across
human tissues. Science, 369(6509), 1318-1330. https://doi.org/10.1101/787903

Gundacker, C., & Ellinger, 1. (2020). The unique applicability of the human placenta to the Adverse
Outcome Pathway (AOP) concept: the placenta provides fundamental insights into
human organ functions at multiple levels of biological organization. Reprod Toxicol, 96,
273-281. https://doi.org/10.1016/j.reprotox.2020.07.014

Guttmacher, A. E., Maddox, Y. T., & Spong, C. Y. (2014). The Human Placenta Project: placental
structure, development, and function in real time. Placenta, 35(5), 303-304.
https://doi.org/10.1016/j.placenta.2014.02.012

Guttmacher, A. E., & Spong, C. Y. (2015). The human placenta project: it's time for real time. Am
J Obstet Gynecol, 213(4 Suppl), S3-5. https://doi.org/10.1016/j.2jog.2015.08.037

Haddad, F. L., Patel, S. V., & Schmid, S. (2020). Maternal Immune Activation by Poly I:.C as a
preclinical Model for Neurodevelopmental Disorders: A focus on Autism and
Schizophrenia.  Neuroscience &  Biobehavioral — Reviews, 113, 546-567.
https://doi.org/https://doi.org/10.1016/j.neubiorev.2020.04.012



https://doi.org/10.1016/j.preghy.2017.07.144
https://doi.org/10.20517/jca.2022.10
https://doi.org/10.3390/cells11030468
https://www.mdpi.com/2305-6304/10/8/458
https://www.mdpi.com/2305-6304/10/8/458
https://doi.org/10.1038/hdy.2010.54
https://doi.org/10.1126/science.1095292
https://doi.org/10.1056/NEJMra0708473
https://doi.org/10.1016/j.tree.2005.08.001
https://doi.org/10.1053/plac.2002.0773
https://doi.org/10.1079/phn2001145
https://doi.org/10.1017/S204017441500121X
https://doi.org/10.1007/s00438-022-01935-w
https://doi.org/10.1530/JOE-19-0009
https://doi.org/10.1093/bjaceaccp/mku013
https://doi.org/10.1101/787903
https://doi.org/10.1016/j.reprotox.2020.07.014
https://doi.org/10.1016/j.placenta.2014.02.012
https://doi.org/10.1016/j.ajog.2015.08.037
https://doi.org/https:/doi.org/10.1016/j.neubiorev.2020.04.012

References 57

Haftorn, K. L., Lee, Y., Denault, W. R. P., Page, C. M., Nustad, H. E., Lyle, R., Gjessing, H. K.,
Malmberg, A., Magnus, M. C., Naess, &., Czamara, D., Raikkénen, K., Lahti, J., Magnus,
P., Haberg, S. E., Jugessur, A., & Bohlin, J. (2021). An EPIC predictor of gestational age
and its application to newborns conceived by assisted reproductive technologies. Clin
Epigenetics, 13(1), 82. https://doi.org/10.1186/s13148-021-01055-z

Hagemann, E., Silva, D. T., Davis, J. A., Gibson, L. Y., & Prescott, S. L. (2021). Developmental
Origins of Health and Disease (DOHaD): The importance of life-course and
transgenerational  approaches. Paediatric  Respiratory  Reviews, 40, 3-9.
https://doi.org/https://doi.org/10.1016/j.prrv.2021.05.005

Hannibal, R. L., Cardoso-Moreira, M., Chetty, S. P., Lau, J., Qi, Z., Gonzalez-Maldonado, E.,
Cherry, A. M., Yu, J., Norton, M. E., & Baker, J. C. (2018). Investigating human
placentation and pregnancy using first trimester chorionic villi. Placenta, 65, 65-75.
https://doi.org/10.1016/j.placenta.2018.03.005

Hannum, G., Guinney, J., Zhao, L., Zhang, L., Hughes, G., Sadda, S., Klotzle, B., Bibikova, M.,
Fan, J. B., Gao, Y., Deconde, R., Chen, M., Rajapakse, |., Friend, S., Ideker, T., & Zhang,
K. (2013). Genome-wide methylation profiles reveal quantitative views of human aging
rates. Mol Cell, 49(2), 359-367. https://doi.org/10.1016/j.molcel.2012.10.016

Hanson, M. A., & Gluckman, P. D. (2014). Early developmental conditioning of later health and
disease: physiology or pathophysiology? Physiol Rev, 94(4), 1027-1076.
https://doi.org/10.1152/physrev.00029.2013

Haugen, A. C., Schug, T. T., Collman, G., & Heindel, J. J. (2015). Evolution of DOHaD: the impact
of environmental health sciences. J Dev Orig Health Dis, 6(2), 55-64.
https://doi.org/10.1017/S20401744 14000580

Héberlé, E., & Bardet, Anais F. (2019). Sensitivity of transcription factors to DNA methylation.
Essays in Biochemistry, 63(6), 727-741. https://doi.org/10.1042/ebc20190033

Heindel, J. J., Balbus, J., Birnbaum, L., Brune-Drisse, M. N., Grandjean, P., Gray, K., Landrigan,
P. J., Sly, P. D., Suk, W., Cory Slechta, D., Thompson, C., & Hanson, M. (2015).
Developmental Origins of Health and Disease: Integrating Environmental Influences.
Endocrinology, 156(10), 3416-3421. https://doi.org/10.1210/EN.2015-1394

Herrick, E. J., & Bordoni, B. (2022). Embryology, Placenta. In StatPearls. StatPearls Publishing.
PMID: 31869098

Higgins-Chen, A. T., Thrush, K. L., Wang, Y., Minteer, C. J., Kuo, P. L., Wang, M., Niimi, P.,
Sturm, G., Lin, J., Moore, A. Z., Bandinelli, S., Vinkers, C. H., Vermetten, E., Rutten, B.
P. F., Geuze, E., Okhuijsen-Pfeifer, C., van der Horst, M. Z., Schreiter, S., Gutwinski, S.,
Luykx, J. J., Picard, M., Ferrucci, L., Crimmins, E. M., Boks, M. P., Hagg, S., Hu-Seliger,
T. T., & Levine, M. E. (2022). A computational solution for bolstering reliability of
epigenetic clocks: Implications for clinical trials and longitudinal tracking. Nat Aging, 2(7),
644-661. https://doi.org/10.1038/s43587-022-00248-2

Hoffman, D. J., Reynolds, R. M., & Hardy, D. B. (2017). Developmental origins of health and
disease: current knowledge and potential mechanisms. Nutr Rev, 75(12), 951-970.
https://doi.org/10.1093/nutrit/nux053

Horvath, S. (2013). DNA methylation age of human tissues and cell types. Genome Biol, 14.
https://doi.org/http://genomebiology.com//14/10/R115

Horvath, S., & Raj, K. (2018). DNA methylation-based biomarkers and the epigenetic clock theory
of ageing. Nat Rev Genet, 19(6), 371-384. https://doi.org/10.1038/s41576-018-0004-3

Houseman, E. A, Kile, M. L., Christiani, D. C., Ince, T. A,, Kelsey, K. T., & Marsit, C. J. (2016).
Reference-free deconvolution of DNA methylation data and mediation by cell composition
effects. BMC Bioinformatics, 17, 259. https://doi.org/10.1186/s12859-016-1140-4

Hsu, H.-H. L., Wilson, A., Schwartz, J., Kloog, I., Wright, R. O., Coull, B. A., & Wright, R. J. (2023).
Prenatal Ambient Air Pollutant Mixture Exposure and Early School-age Lung Function.
Environmental Epidemiology, 7(2).
https://journals.lww.com/environepidem/Fulltext/2023/04000/Prenatal _Ambient_Air_Poll
utant Mixture Exposure.7.aspx



https://doi.org/10.1186/s13148-021-01055-z
https://doi.org/https:/doi.org/10.1016/j.prrv.2021.05.005
https://doi.org/10.1016/j.placenta.2018.03.005
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.1152/physrev.00029.2013
https://doi.org/10.1017/S2040174414000580
https://doi.org/10.1042/ebc20190033
https://doi.org/10.1210/EN.2015-1394
https://doi.org/10.1038/s43587-022-00248-2
https://doi.org/10.1093/nutrit/nux053
https://doi.org/http:/genomebiology.com/14/10/R115
https://doi.org/10.1038/s41576-018-0004-3
https://doi.org/10.1186/s12859-016-1140-4
https://journals.lww.com/environepidem/Fulltext/2023/04000/Prenatal_Ambient_Air_Pollutant_Mixture_Exposure.7.aspx
https://journals.lww.com/environepidem/Fulltext/2023/04000/Prenatal_Ambient_Air_Pollutant_Mixture_Exposure.7.aspx

References 58

Jacob, C. M., & Hanson, M. (2020). Implications of the Developmental Origins of Health and
Disease concept for policy-making. Current Opinion in Endocrine and Metabolic
Research, 13, 20-27. https://doi.org/10.1016/j.coemr.2020.08.001

Jaenisch, R., & Bird, A. (2003). Epigenetic regulation of gene expression: how the genome
integrates intrinsic and environmental signals. Nat Genet, 33 Suppl, 245-254.
https://doi.org/10.1038/ng1089

Jaffe, A. E., &lrizarry, R. A. (2014). Accounting for cellular heterogeneity is critical in epigenome-
wide association studies. Genome Biology, 15(2), 1-9. https://doi.org/10.1186/gb-2014-
15-2-r31

Jahnke, J. R., Teran, E., Murgueitio, F., Cabrera, H., & Thompson, A. L. (2021). Maternal stress,
placental 11beta-hydroxysteroid dehydrogenase type 2, and infant HPA axis
development in humans: Psychosocial and physiological pathways. Placenta, 104, 179-
187. https://doi.org/10.1016/j.placenta.2020.12.008

Jansson, T., & Powell, T. L. (2007). Role of the placenta in fetal programming: underlying
mechanisms and potential interventional approaches. Clin Sci (Lond), 113(1), 1-13.
https://doi.org/10.1042/CS20060339

Jensen Pena, C., Monk, C., & Champagne, F. A. (2012). Epigenetic effects of prenatal stress on
11beta-hydroxysteroid dehydrogenase-2 in the placenta and fetal brain. PLoS One, 7(6),
€39791. https://doi.org/10.1371/journal.pone.0039791

Jiang, H. Y., Xu, L. L., Shao, L., Xia, R. M., Yu, Z. H,, Ling, Z. X., Yang, F., Deng, M., & Ruan, B.
(2016). Maternal infection during pregnancy and risk of autism spectrum disorders: A
systematic review and meta-analysis. Brain Behav Immun, 58, 165-172.
https://doi.org/10.1016/j.bbi.2016.06.005

Karemaker, I. D., & Vermeulen, M. (2018). Single-Cell DNA Methylation Profiling: Technologies
and Biological Applications. Trends Biotechnol, 36(9), 952-965.
https://doi.org/10.1016/j.tibtech.2018.04.002

Kassotaki, I., Valsamakis, G., Mastorakos, G., & Grammatopoulos, D. K. (2021). Placental CRH
as a Signal of Pregnancy Adversity and Impact on Fetal Neurodevelopment. Front
Endocrinol (Lausanne), 12, 714214. https://doi.org/10.3389/fendo.2021.714214

Khavari, D. A, Sen, G. L., & Rinn, J. L. (2010). DNA methylation and epigenetic control of cellular
differentiation. Cell cycle, 9(19), 3880-3883.

King, B. R., Smith, R., & Nicholson, R. C. (2001). The regulation of human corticotrophin-releasing
hormone gene expression in the placenta. Peptides, 22(5), 795-801.
https://doi.org/https://doi.org/10.1016/S0196-9781(01)00393-X

Kinlein, S. A., Wilson, C. D., & Karatsoreos, I. N. (2015). Dysregulated hypothalamic-pituitary-
adrenal axis function contributes to altered endocrine and neurobehavioral responses to
acute stress. Front Psychiatry, 6, 31. https://doi.org/10.3389/fpsyt.2015.00031

Knight, A. K., Craig, J. M., Theda, C., Baekvad-Hansen, M., Bybjerg-Grauholm, J., Hansen, C.
S., Hollegaard, M. V., Hougaard, D. M., Mortensen, P. B., Weinsheimer, S. M., Werge,
T. M., Brennan, P. A, Cubells, J. F., Newport, D. J., Stowe, Z. N., Cheong, J. L., Dalach,
P., Doyle, L. W., Loke, Y. J., Baccarelli, A. A., Just, A. C., Wright, R. O., Tellez-Rojo, M.
M., Svensson, K., Trevisi, L., Kennedy, E. M., Binder, E. B., lurato, S., Czamara, D.,
Raikkonen, K., Lahti, J. M., Pesonen, A. K., Kajantie, E., Villa, P. M., Laivuori, H.,
Hamalainen, E., Park, H. J., Bailey, L. B., Parets, S. E., Kilaru, V., Menon, R., Horvath,
S., Bush, N. R,, LeWinn, K. Z., Tylavsky, F. A., Conneely, K. N., & Smith, A. K. (2016).
An epigenetic clock for gestational age at birth based on blood methylation data. Genome
Biol, 17(1), 206. https://doi.org/10.1186/s13059-016-1068-z

Knofler, M., Haider, S., Saleh, L., Pollheimer, J., Gamage, T., & James, J. (2019). Human
placenta and trophoblast development: key molecular mechanisms and model systems.
Cell Mol Life Sci, 76(18), 3479-3496. https://doi.org/10.1007/s00018-019-03104-6

Kojima, J., Ono, M., Kuji, N., & Nishi, H. (2022). Human Chorionic Villous Differentiation and
Placental Development. Int J Mol Sci, 23(14). https://doi.org/10.3390/ijms23148003



https://doi.org/10.1016/j.coemr.2020.08.001
https://doi.org/10.1038/ng1089
https://doi.org/10.1186/gb-2014-15-2-r31
https://doi.org/10.1186/gb-2014-15-2-r31
https://doi.org/10.1016/j.placenta.2020.12.008
https://doi.org/10.1042/CS20060339
https://doi.org/10.1371/journal.pone.0039791
https://doi.org/10.1016/j.bbi.2016.06.005
https://doi.org/10.1016/j.tibtech.2018.04.002
https://doi.org/10.3389/fendo.2021.714214
https://doi.org/https:/doi.org/10.1016/S0196-9781(01)00393-X
https://doi.org/10.3389/fpsyt.2015.00031
https://doi.org/10.1186/s13059-016-1068-z
https://doi.org/10.1007/s00018-019-03104-6
https://doi.org/10.3390/ijms23148003

References 59

Korten, I., Ramsey, K., & Latzin, P. (2017). Air pollution during pregnancy and lung development
in the child. Paediatric Respiratory Reviews, 21, 38-46.
https://doi.org/https://doi.org/10.1016/j.prrv.2016.08.008

Koukoura, O., Sifakis, S., & Spandidos, D. A. (2012). DNA methylation in the human placenta and
fetal growth (review). Mol Med Rep, 5(4), 883-889. https://doi.org/10.3892/mmr.2012.763

Kreitmaier, P., Katsoula, G., & Zeggini, E. (2023). Insights from multi-omics integration in complex
disease primary tissues. Trends Genet, 39(1), 46-58.
https://doi.org/10.1016/j.tig.2022.08.005

Kristensen, K., & Henriksen, L. (2016). Cesarean section and disease associated with immune
function. Journal of Allergy and Clinical Immunology, 137(2), 587-590.

Krontira, A. C., Cruceanu, C., & Binder, E. B. (2020). Glucocorticoids as Mediators of Adverse
Outcomes  of  Prenatal Stress. Trends  Neurosci, 43(6), 394-405.
https://doi.org/10.1016/j.tins.2020.03.008

Kundakovic, M., & Jaric, I. (2017). The Epigenetic Link between Prenatal Adverse Environments
and Neurodevelopmental Disorders. Genes, 8(3). https://doi.org/10.3390/genes8030104

Kuruvilla, S., Bustreo, F., Kuo, T., Mishra, C., Taylor, K., Fogstad, H., Gupta, G. R., Gilmore, K.,
Temmerman, M., & Thomas, J. (2016). The Global strategy for women'’s, children’s and
adolescents’ health (2016—2030): a roadmap based on evidence and country experience.
Bulletin of the World Health Organization, 94(5), 398.
https://doi.org/10.2471/BLT.16.170431

Kwon, E. J., & Kim, Y. J. (2017). What is fetal programming?: a lifetime health is under the control
of in utero health. Obstet Gynecol Sci, 60(6), 506-519.
https://doi.org/10.5468/09s.2017.60.6.506

Lande-Diner, L., Zhang, J., Ben-Porath, I., Amariglio, N., Keshet, I., Hecht, M., Azuara, V., Fisher,
A. G., Rechavi, G., & Cedar, H. (2007). Role of DNA methylation in stable gene
repression.  Journal  of  Biological =~ Chemistry, 282(16), 12194-12200.
https://doi.org/10.1074/jbc.M607838200

Langley-Evans, S. C. (2004). Fetal programming of adult disease: an overview. Fetal nutrition
and adult disease: programming of chronic disease through fetal exposure to
undernutrition, 1-20. https://doi.org/https://doi.org/10.1079/9780851998213.0001

Lapehn, S., & Paquette, A. G. (2022). The Placental Epigenome as a Molecular Link Between
Prenatal Exposures and Fetal Health Outcomes Through the DOHaD Hypothesis. Curr
Environ Health Rep, 9(3), 490-501. https://doi.org/10.1007/s40572-022-00354-8

Lautarescu, A., Craig, M. C., & Glover, V. (2020). Prenatal stress: Effects on fetal and child brain
development. Int Rev Neurobiol, 150, 17-40. https://doi.org/10.1016/bs.irn.2019.11.002

Lee, H.-S. (2019). The interaction between gut microbiome and nutrients on development of
human disease through epigenetic mechanisms. Genomics & Informatics, 17(3).
https://doi.org/10.5808/Gl.2019.17.3.e24

Lee, Y., Choufani, S., Weksberg, R., Wilson, S. L., Yuan, V., Burt, A., Marsit, C., Lu, A. T., Ritz,
B., Bohlin, J., Gjessing, H. K., Harris, J. R., Magnus, P., Binder, A. M., Robinson, W. P.,
Adugessur, A., & Horvath, S. (2019). Placental epigenetic clocks: estimating gestational
age using placental DNA methylation levels. Aging, 11(12), 16.
https://doi.org/10.18632/aging.102049

Leenen, F. A,, Muller, C. P., & Turner, J. D. (2016). DNA methylation: conducting the orchestra
from exposure to phenotype? Clin Epigenetics, 8(1), 92. https://doi.org/10.1186/s13148-
016-0256-8

Lester, B. M., & Marsit, C. J. (2018). Epigenetic mechanisms in the placenta related to infant
neurodevelopment. Epigenomics, 10(3), 321-333. https://doi.org/10.2217/epi-2016-0171

Lewis, R. M., Cleal, J. K., & Godfrey, K. M. (2017). Chapter 65 - The Placental Role in
Developmental Programming. In R. C. Gupta (Ed.), Reproductive and Developmental
Toxicology (Second Edition) (pp. 1245-1258). Academic Press.
https://doi.org/https://doi.org/10.1016/B978-0-12-804239-7.00065-2



https://doi.org/https:/doi.org/10.1016/j.prrv.2016.08.008
https://doi.org/10.3892/mmr.2012.763
https://doi.org/10.1016/j.tig.2022.08.005
https://doi.org/10.1016/j.tins.2020.03.008
https://doi.org/10.3390/genes8030104
https://doi.org/10.2471/BLT.16.170431
https://doi.org/10.5468/ogs.2017.60.6.506
https://doi.org/10.1074/jbc.M607838200
https://doi.org/https:/doi.org/10.1079/9780851998213.0001
https://doi.org/10.1007/s40572-022-00354-8
https://doi.org/10.1016/bs.irn.2019.11.002
https://doi.org/10.5808/GI.2019.17.3.e24
https://doi.org/10.18632/aging.102049
https://doi.org/10.1186/s13148-016-0256-8
https://doi.org/10.1186/s13148-016-0256-8
https://doi.org/10.2217/epi-2016-0171
https://doi.org/https:/doi.org/10.1016/B978-0-12-804239-7.00065-2

References 60

Li, A., Koch, Z., & Ideker, T. (2022). Epigenetic aging: Biological age prediction and informing a
mechanistic  theory  of  aging. J Intern  Med, 292(5), 733-744.
https://doi.org/10.1111/joim.13533

Li, L., Lagerberg, T., Chang, Z., Cortese, S., Rosenqvist, M. A., Almqvist, C., D’Onofrio, B. M.,
Hegvik, T.-A., Hartman, C., Chen, Q., & Larsson, H. (2020). Maternal pre-pregnancy
overweight/obesity and the risk of attention-deficit/hyperactivity disorder in offspring: a
systematic review, meta-analysis and quasi-experimental family-based study.
International Journal of Epidemiology, 49(3), 857-875.
https://doi.org/10.1093/ije/dyaa040

Linnér, A., & Almgren, M. (2020). Epigenetic programming-The important first 1000 days. Acta
Paediatr, 109(3), 443-452. https://doi.org/10.1111/apa.15050

Luo, C., Lancaster, M. A., Castanon, R., Nery, J. R., Knoblich, J. A., & Ecker, J. R. (2016).
Cerebral Organoids Recapitulate Epigenomic Signatures of the Human Fetal Brain. Cell
Rep, 17(12), 3369-3384. https://doi.org/10.1016/j.celrep.2016.12.001

Maltepe, E., & Fisher, S. J. (2015). Placenta: the forgotten organ. Annu Rev Cell Dev Biol, 31,
523-552. https://doi.org/10.1146/annurev-cellbio-100814-125620

Manokhina, I., Del Gobbo, G. F., Konwar, C., Wilson, S. L., & Robinson, W. P. (2017). Review:
placental biomarkers for assessing fetal health. Human Molecular Genetics, 26(R2),
R237-R245. https://doi.org/10.1093/hmg/ddx210

Manolio, T. A., Bailey-Wilson, J. E., & Collins, F. S. (2006). Genes, environment and the value of
prospective  cohort studies. Nature Reviews Genetics, 7(10), 812-820.
https://doi.org/10.1038/nrg1919

Manzari, N., Matvienko-Sikar, K., Baldoni, F., O'Keeffe, G. W., & Khashan, A. S. (2019). Prenatal
maternal stress and risk of neurodevelopmental disorders in the offspring: a systematic
review and meta-analysis. Soc Psychiatry Psychiatr Epidemiol, 54(11), 1299-1309.
https://doi.org/10.1007/s00127-019-01745-3

Marsit, C. J. (2016). Placental Epigenetics in Children's Environmental Health. Semin Reprod
Med, 34(1), 36-41. https://doi.org/10.1055/s-0035-1570028

Martin, E. M., & Fry, R. C. (2018). Environmental Influences on the Epigenome: Exposure-
Associated DNA Methylation in Human Populations. Annual Review of Public Health,
309-333. https://doi.org/https://doi.org/10.1146/annurev-publhealth-040617-014629

Mastorakos, G., & llias, 1. (2003). Maternal and Fetal Hypothalamic-Pituitary-Adrenal Axes During
Pregnancy and Postpartum. Annals of the New York Academy of Sciences, 997(1), 136-
149. https://doi.org/https://doi.org/10.1196/annals.1290.016

Matthews, S. G., & McGowan, P. O. (2019). Developmental programming of the HPA axis and
related behaviours: epigenetic mechanisms. J Endocrinol, 242(1), T69-T79.
https://doi.org/10.1530/JOE-19-0057

Mayne, B. T., Leemaqgz, S. Y., Smith, A. K., Breen, J., Roberts, C. T., & Bianco-Miotto, T. (2017).
Accelerated placental aging in early onset preeclampsia pregnancies identified by DNA
methylation. Epigenomics, 9(3), 279-289. https://doi.org/10.2217/epi-2016-0103

McEwen, B. S. (2004). Protection and damage from acute and chronic stress: allostasis and
allostatic overload and relevance to the pathophysiology of psychiatric disorders. Ann N
Y Acad Sci, 1032, 1-7. https://doi.org/10.1196/annals.1314.001

McEwen, L. M., O'Donnell, K. J., McGill, M. G., Edgar, R. D., Jones, M. J., Maclsaac, J. L., Lin,
D. T. S., Ramadori, K., Morin, A., Gladish, N., Garg, E., Unternaehrer, E., Pokhvisneva,
I., Karnani, N., Kee, M. Z. L., Klengel, T., Adler, N. E., Barr, R. G., Letourneau, N.,
Giesbrecht, G. F., Reynolds, J. N., Czamara, D., Armstrong, J. M., Essex, M. J., de
Weerth, C., Beijers, R., Tollenaar, M. S., Bradley, B., Jovanovic, T., Ressler, K. J.,
Steiner, M., Entringer, S., Wadhwa, P. D., Buss, C., Bush, N. R,, Binder, E. B., Boyce,
W. T., Meaney, M. J., Horvath, S., & Kobor, M. S. (2019). The PedBE clock accurately
estimates DNA methylation age in pediatric buccal cells. Proc Natl Acad Sci U S A.
https://doi.org/10.1073/pnas.1820843116



https://doi.org/10.1111/joim.13533
https://doi.org/10.1093/ije/dyaa040
https://doi.org/10.1111/apa.15050
https://doi.org/10.1016/j.celrep.2016.12.001
https://doi.org/10.1146/annurev-cellbio-100814-125620
https://doi.org/10.1093/hmg/ddx210
https://doi.org/10.1038/nrg1919
https://doi.org/10.1007/s00127-019-01745-3
https://doi.org/10.1055/s-0035-1570028
https://doi.org/https:/doi.org/10.1146/annurev-publhealth-040617-014629
https://doi.org/https:/doi.org/10.1196/annals.1290.016
https://doi.org/10.1530/JOE-19-0057
https://doi.org/10.2217/epi-2016-0103
https://doi.org/10.1196/annals.1314.001
https://doi.org/10.1073/pnas.1820843116

References 61

McGonigle, P., & Ruggeri, B. (2014). Animal models of human disease: challenges in enabling
translation. Biochem Pharmacol, 87(1), 162-171.
https://doi.org/10.1016/j.bcp.2013.08.006

McMullen, S., & Mostyn, A. (2009). Animal models for the study of the developmental origins of
health and disease. Proc Nutr Soc, 68(3), 306-320.
https://doi.org/10.1017/S0029665109001396

Meaney, M. J., & Szyf, M. (2005). Environmental programming of stress responses through DNA
methylation: life at the interface between a dynamic environment and a fixed genome.
Dialogues in Clinical Neuroscience, 7(2), 103-123.
https://doi.org/10.31887/DCNS.2005.7.2/mmeaney

Min, J. L., Hemani, G., Hannon, E., Dekkers, K. F., Castillo-Fernandez, J., Luijk, R., Carnero-
Montoro, E., Lawson, D. J., Burrows, K., Suderman, M., Bretherick, A. D., Richardson, T.
G., Klughammer, J., lotchkova, V., Sharp, G., Al Khleifat, A., Shatunov, A., lacoangeli,
A., McArdle, W. L., Ho, K. M., Kumar, A., Soderhall, C., Soriano-Tarraga, C., Giralt-
Steinhauer, E., Kazmi, N., Mason, D., McRae, A. F., Corcoran, D. L., Sugden, K., Kasela,
S., Cardona, A., Day, F. R., Cugliari, G., Viberti, C., Guarrera, S., Lerro, M., Gupta, R.,
Bollepalli, S., Mandaviya, P., Zeng, Y., Clarke, T. K., Walker, R. M., Schmoll, V.,
Czamara, D., Ruiz-Arenas, C., Rezwan, F. I., Marioni, R. E., Lin, T., Awaloff, Y., Germain,
M., Aissi, D., Zwamborn, R., van Eijk, K., Dekker, A., van Dongen, J., Hottenga, J. J.,
Willemsen, G., Xu, C. J., Barturen, G., Catala-Moll, F., Kerick, M., Wang, C., Melton, P.,
Elliott, H. R., Shin, J., Bernard, M., Yet, I., Smart, M., Gorrie-Stone, T., Consortium, B.,
Shaw, C., Al Chalabi, A., Ring, S. M., Pershagen, G., Melen, E., Jimenez-Conde, J.,
Roquer, J., Lawlor, D. A., Wright, J., Martin, N. G., Montgomery, G. W., Moffitt, T. E.,
Poulton, R., Esko, T., Milani, L., Metspalu, A., Perry, J. R. B., Ong, K. K., Wareham, N.
J., Matullo, G., Sacerdote, C., Panico, S., Caspi, A., Arseneault, L., Gagnon, F.,
Ollikainen, M., Kaprio, J., Felix, J. F., Rivadeneira, F., Tiemeier, H., van, I. M. H,,
Uitterlinden, A. G., Jaddoe, V. W. V., Haley, C., Mcintosh, A. M., Evans, K. L., Murray,
A., Raikkonen, K., Lahti, J., Nohr, E. A., Sorensen, T. |. A., Hansen, T., Morgen, C. S.,
Binder, E. B., Lucae, S., Gonzalez, J. R., Bustamante, M., Sunyer, J., Holloway, J. W.,
Karmaus, W., Zhang, H., Deary, I. J., Wray, N. R., Starr, J. M., Beekman, M., van Heemst,
D., Slagboom, P. E., Morange, P. E., Tregouet, D. A., Veldink, J. H., Davies, G. E., de
Geus, E. J. C., Boomsma, D. I., Vonk, J. M., Brunekreef, B., Koppelman, G. H., Alarcon-
Riquelme, M. E., Huang, R. C., Pennell, C. E., van Meurs, J., lkram, M. A., Hughes, A.
D., Tillin, T., Chaturvedi, N., Pausova, Z., Paus, T., Spector, T. D., Kumari, M., Schalkwyk,
L. C., Visscher, P. M., Davey Smith, G., Bock, C., Gaunt, T. R., Bell, J. T., Heijmans, B.
T., Mill, J., & Relton, C. L. (2021). Genomic and phenotypic insights from an atlas of
genetic effects on DNA methylation. Nat Genet, 53(9), 1311-1321.
https://doi.org/10.1038/s41588-021-00923-x

Monk, C., Lugo-Candelas, C., & Trumpff, C. (2019). Prenatal Developmental Origins of Future
Psychopathology: Mechanisms and Pathways. Annu Rev Clin Psychol, 15, 317-344.
https://doi.org/10.1146/annurev-clinpsy-050718-095539

Moore, L. D., Le, T.,, & Fan, G. (2013). DNA methylation and its basic function.
Neuropsychopharmacology, 38(1), 23-38. https://doi.org/10.1038/npp.2012.112

Mori, M., Ishikawa, G., Luo, S.-S., Mishima, T., Goto, T., Robinson, J. M., Matsubara, S.,
Takeshita, T., Kataoka, H., & Takizawa, T. (2007). The Cytotrophoblast Layer of Human
Chorionic Villi Becomes Thinner but Maintains Its Structural Integrity During Gestation1.
Biology of Reproduction, 76(1), 164-172. https://doi.org/10.1095/biolreprod.106.056127

Moullé, V. S., & Parnet, P. (2019). Effects of Nutrient Intake during Pregnancy and Lactation on
the Endocrine Pancreas of the Offspring. Nutrients, 11(11), 2708.
https://www.mdpi.com/2072-6643/11/11/2708

Moyer, C., Reoyo, O. R., & May, L. (2016). The Influence of Prenatal Exercise on Offspring
Health: A Review. Clin Med |Insights Womens Health, 9, 37-42.
https://doi.org/10.4137/CMWH.S34670

Nelissen, E. C., van Montfoort, A. P., Dumoulin, J. C., & Evers, J. L. (2011). Epigenetics and the
placenta. Hum Reprod Update, 17(3), 397-417. https://doi.org/10.1093/humupd/dmg052



https://doi.org/10.1016/j.bcp.2013.08.006
https://doi.org/10.1017/S0029665109001396
https://doi.org/10.31887/DCNS.2005.7.2/mmeaney
https://doi.org/10.1038/s41588-021-00923-x
https://doi.org/10.1146/annurev-clinpsy-050718-095539
https://doi.org/10.1038/npp.2012.112
https://doi.org/10.1095/biolreprod.106.056127
https://www.mdpi.com/2072-6643/11/11/2708
https://doi.org/10.4137/CMWH.S34670
https://doi.org/10.1093/humupd/dmq052

References 62

Novakovic, B., & Saffery, R. (2012). The ever growing complexity of placental epigenetics - role
in adverse pregnancy outcomes and fetal programming. Placenta, 33(12), 959-970.
https://doi.org/10.1016/j.placenta.2012.10.003

Novakovic, B., Yuen, R. K., Gordon, L., Penaherrera, M. S., Sharkey, A., Moffett, A., Craig, J. M.,
Robinson, W. P., & Saffery, R. (2011). Evidence for widespread changes in promoter
methylation profile in human placenta in response to increasing gestational age and
environmental/stochastic factors. BMC Genomics, 12, 529. https://doi.org/10.1186/1471-

2164-12-529
Nugent, B. M., & Bale, T. L. (2015). The omniscient placenta: Metabolic and epigenetic regulation
of fetal programming. Front Neuroendocrinol, 39, 28-37.

https://doi.org/10.1016/j.yfrne.2015.09.001

Nwanaji-Enwerem, J. C., & Colicino, E. (2020). DNA Methylation—-Based Biomarkers of
Environmental Exposures for Human Population Studies. Current Environmental Health
Reports, 7(2), 121-128. https://doi.org/10.1007/s40572-020-00269-2

O'Donnell, K., O'Connor, T. G., & Glover, V. (2009). Prenatal stress and neurodevelopment of the
child: focus on the HPA axis and role of the placenta. Dev Neurosci, 31(4), 285-292.
https://doi.org/10.1159/000216539

O'Donnell, K. J., & Meaney, M. J. (2017). Fetal Origins of Mental Health: The Developmental
Origins of Health and Disease Hypothesis. Am J Psychiatry, 174(4), 319-328.
https://doi.org/10.1176/appi.ajp.2016.16020138

Oblak, L., van der Zaag, J., Higgins-Chen, A. T., Levine, M. E., & Boks, M. P. (2021). A systematic
review of biological, social and environmental factors associated with epigenetic clock
acceleration. Ageing Res Rev, 69, 101348. https://doi.org/10.1016/j.arr.2021.101348

Ohgane, J., Yagi, S., & Shiota, K. (2008). Epigenetics: The DNA Methylation Profile of Tissue-
Dependent and Differentially Methylated Regions in Cells. Placenta, 29, 29-35.
https://doi.org/https://doi.org/10.1016/j.placenta.2007.09.011

Ozturk, H. N. O., & Turker, P. F. (2021). Fetal programming: could intrauterin life affect health
status in adulthood? Obstet Gynecol Sci, 64(6), 473-483.
https://doi.org/10.5468/0gs.21154

Packard, A. E., Egan, A. E., & Ulrich-Lai, Y. M. (2016). HPA Axis Interactions with Behavioral
Systems. Compr Physiol, 6(4), 1897-1934. https://doi.org/10.1002/cphy.c150042

Palma-Gudiel, H., Cirera, F., Crispi, F., Eixarch, E., & Fafianas, L. (2018). The impact of prenatal
insults on the human placental epigenome: A systematic review. Neurotoxicology and
Teratology, 66, 80-93. https://doi.org/https://doi.org/10.1016/j.ntt.2018.01.001

Palma-Gudiel, H., Cérdova-Palomera, A., Eixarch, E., Deuschle, M., & Fafianas, L. (2015).
Maternal psychosocial stress during pregnancy alters the epigenetic signature of the
glucocorticoid receptor gene promoter in their offspring: a meta-analysis. Epigenetics,
10(10), 893-902. https://doi.org/10.1080/15592294.2015.1088630

Palma-Gudiel, H., Cérdova-Palomera, A., Leza, J. C., & Fafianas, L. (2015). Glucocorticoid
receptor gene (NR3C1) methylation processes as mediators of early adversity in stress-
related disorders causality: A critical review. Neurosci Biobehav Rev, 55, 520-535.
https://doi.org/10.1016/j.neubiorev.2015.05.016

Parrettini, S., Caroli, A., & Torlone, E. (2020). Nutrition and Metabolic Adaptations in Physiological
and Complicated Pregnancy: Focus on Obesity and Gestational Diabetes. Front
Endocrinol (Lausanne), 11, 611929. https://doi.org/10.3389/fendo.2020.611929

Penkler, M., Hanson, M., Biesma, R., & Muller, R. (2019). DOHaD in science and society:
emergent opportunities and novel responsibilities. J Dev Orig Health Dis, 10(3), 268-273.
https://doi.org/10.1017/S2040174418000892

Pofi, R., & Tomlinson, J. W. (2020). Glucocorticoids in pregnancy. Obstet Med, 13(2), 62-69.
https://doi.org/10.1177/1753495x19847832

Poulsen, P., Esteller, M., Vaag, A., & Fraga, M. F. (2007). The epigenetic basis of twin
discordance in age-related diseases. Pediatr Res, 61(5 Pt 2), 38r-42r.
https://doi.org/10.1203/pdr.0b013e31803c7b98



https://doi.org/10.1016/j.placenta.2012.10.003
https://doi.org/10.1186/1471-2164-12-529
https://doi.org/10.1186/1471-2164-12-529
https://doi.org/10.1016/j.yfrne.2015.09.001
https://doi.org/10.1007/s40572-020-00269-2
https://doi.org/10.1159/000216539
https://doi.org/10.1176/appi.ajp.2016.16020138
https://doi.org/10.1016/j.arr.2021.101348
https://doi.org/https:/doi.org/10.1016/j.placenta.2007.09.011
https://doi.org/10.5468/ogs.21154
https://doi.org/10.1002/cphy.c150042
https://doi.org/https:/doi.org/10.1016/j.ntt.2018.01.001
https://doi.org/10.1080/15592294.2015.1088630
https://doi.org/10.1016/j.neubiorev.2015.05.016
https://doi.org/10.3389/fendo.2020.611929
https://doi.org/10.1017/S2040174418000892
https://doi.org/10.1177/1753495x19847832
https://doi.org/10.1203/pdr.0b013e31803c7b98

References 63

Provencal, N., & Binder, E. B. (2015). The effects of early life stress on the epigenome: From the
womb to adulthood and even before. Exp Neurol, 268, 10-20.
https://doi.org/10.1016/j.expneurol.2014.09.001

Ramirez, V., Bautista, R. J., Frausto-Gonzalez, O., Rodriguez-Pena, N., Betancourt, E. T., &
Bautista, C. J. (2022). Developmental Programming in Animal Models: Critical Evidence
of  Current Environmental Negative Changes. Reprod  Sci, 1-22.
https://doi.org/10.1007/s43032-022-00999-8

Razin, A., & Szyf, M. (1984). DNA methylation patterns Formation and function. Biochimica et
Biophysica Acta (BBA) - Gene Structure and Expression, 782(4), 331-342.
https://doi.org/https://doi.org/10.1016/0167-4781(84)90043-5

Remacle, C., Dumortier, O., Bol, V., Goosse, K., Romanus, P., Theys, N., Bouckenooghe, T., &
Reusens, B. (2007). Intrauterine programming of the endocrine pancreas. Diabetes Obes
Metab, 9 Suppl 2, 196-209. https://doi.org/10.1111/j.1463-1326.2007.00790.x

Richardson, L., Kim, S., Menon, R., & Han, A. (2020). Organ-On-Chip Technology: The Future of
Feto-Maternal Interface Research? Front Physiol, 11, 715.
https://doi.org/10.3389/fphys.2020.00715

Robertson, K. D. (2005). DNA methylation and human disease. Nat Rev Genet, 6(8), 597-610.
https://doi.org/10.1038/nrg1655

Robinson, B. G., Emanuel, R. L., Frim, D. M., & Majzoub, J. A. (1988). Glucocorticoid stimulates
expression of corticotropin-releasing hormone gene in human placenta. Proc Natl Acad
Sci U S A, 85(14), 5244-5248. https://doi.org/10.1073/pnas.85.14.5244

Rose, N. R., & Klose, R. J. (2014). Understanding the relationship between DNA methylation and
histone lysine methylation. Biochimica et Biophysica Acta (BBA) - Gene Regulatory
Mechanismes, 1839(12), 1362-1372.
https://doi.org/https://doi.org/10.1016/j.bbagrm.2014.02.007

Roseboom, T. J. (2019). Epidemiological evidence for the developmental origins of health and
disease: effects of prenatal undernutrition in humans. J Endocrinol, 242(1), T135-t144.
https://doi.org/10.1530/joe-18-0683

Rosenfeld, C. S. (2015). Sex-Specific Placental Responses in Fetal Development. Endocrinology,
156(10), 3422-3434. https://doi.org/10.1210/en.2015-1227

Rosenfeld, C. S. (2021). The placenta-brain-axis. J Neurosci Res, 99(1), 271-283.
https://doi.org/10.1002/jnr.24603

Russell, G., & Lightman, S. (2019). The human stress response. Nat Rev Endocrinol, 15(9), 525-
534. https://doi.org/10.1038/s41574-019-0228-0

Ryan, C. P. (2020). "Epigenetic clocks": Theory and applications in human biology. Am J Hum
Biol, e23488. https://doi.org/10.1002/ajhb.23488

Safi-Stibler, S., & Gabory, A. (2020). Epigenetics and the Developmental Origins of Health and
Disease: Parental environment signalling to the epigenome, critical time windows and
sculpting the adult phenotype. Semin Cell Dev Biol, 97, 172-180.
https://doi.org/10.1016/j.semcdb.2019.09.008

Salameh, Y., Bejaoui, Y., & El Hajj, N. (2020). DNA Methylation Biomarkers in Aging and Age-
Related Diseases. Front Genet, 11, 171. https://doi.org/10.3389/fgene.2020.00171

Sandman, C. A., Davis, E. P., Buss, C., & Glynn, L. M. (2011). Prenatal programming of human
neurological function. Int J Pept, 2011, 837596. https://doi.org/10.1155/2011/837596

Santos, F., & Dean, W. (2004). Epigenetic reprogramming during early development in mammals.
Reproduction, 127(6), 643-651. https://doi.org/10.1530/rep.1.00221

Sata, F. (2019). Developmental Origins of Health and Disease (DOHaD) Cohorts and
Interventions: Status and Perspective. In F. Sata, H. Fukuoka, & M. Hanson (Eds.), Pre-
emptive Medicine: Public Health Aspects of Developmental Origins of Health and
Disease (pp. 53-70). Springer Singapore. https://doi.org/10.1007/978-981-13-2194-8 4

Sferruzzi-Perri, A. N., & Camm, E. J. (2016). The Programming Power of the Placenta. Front
Physiol, 7, 33. https://doi.org/10.3389/fphys.2016.00033



https://doi.org/10.1016/j.expneurol.2014.09.001
https://doi.org/10.1007/s43032-022-00999-8
https://doi.org/https:/doi.org/10.1016/0167-4781(84)90043-5
https://doi.org/10.1111/j.1463-1326.2007.00790.x
https://doi.org/10.3389/fphys.2020.00715
https://doi.org/10.1038/nrg1655
https://doi.org/10.1073/pnas.85.14.5244
https://doi.org/https:/doi.org/10.1016/j.bbagrm.2014.02.007
https://doi.org/10.1530/joe-18-0683
https://doi.org/10.1210/en.2015-1227
https://doi.org/10.1002/jnr.24603
https://doi.org/10.1038/s41574-019-0228-0
https://doi.org/10.1002/ajhb.23488
https://doi.org/10.1016/j.semcdb.2019.09.008
https://doi.org/10.3389/fgene.2020.00171
https://doi.org/10.1155/2011/837596
https://doi.org/10.1530/rep.1.00221
https://doi.org/10.1007/978-981-13-2194-8_4
https://doi.org/10.3389/fphys.2016.00033

References 64

Shallie, P. D., & Naicker, T. (2019). The placenta as a window to the brain: A review on the role
of placental markers in prenatal programming of neurodevelopment. Int J Dev Neurosci,
73, 41-49. https://doi.org/10.1016/j.ildevneu.2019.01.003

Sheng, J. A., Bales, N. J., Myers, S. A., Bautista, A. I., Roueinfar, M., Hale, T. M., & Handa, R. J.
(2020). The Hypothalamic-Pituitary-Adrenal Axis: Development, Programming Actions of
Hormones, and Maternal-Fetal Interactions. Front Behav Neurosci, 14, 601939.
https://doi.org/10.3389/fnbeh.2020.601939

Shu, C., Zhang, X., Aouizerat, B. E., & Xu, K. (2020). Comparison of methylation capture
sequencing and Infinium MethylationEPIC array in peripheral blood mononuclear cells.
Epigenetics & Chromatin, 13(1), 51. https://doi.org/10.1186/s13072-020-00372-6

Sly, P., Blake, T., & Islam, Z. (2021). Impact of prenatal and early life environmental exposures
on normal human development. Paediatric Respiratory Reviews, 40, 10-14.
https://doi.org/https://doi.org/10.1016/j.prrv.2021.05.007

Smith, J., Sen, S., Weeks, R. J., Eccles, M. R., & Chatterjee, A. (2020). Promoter DNA
Hypermethylation and Paradoxical Gene Activation. Trends Cancer, 6(5), 392-406.
https://doi.org/10.1016/j.trecan.2020.02.007

Sosnowski, D. W., Booth, C., York, T. P., Amstadter, A. B., & Kliewer, W. (2018). Maternal
prenatal stress and infant DNA methylation: A systematic review. Developmental
Psychobiology, 60(2), 127-139. https://doi.org/10.1002/dev.21604

Stevenson, K., Lillycrop, K. A., & Silver, M. J. (2020). Fetal programming and epigenetics. Current
Opinion in Endocrine and Metabolic Research, 13, 1-6.
https://doi.org/10.1016/j.coemr.2020.07.005

Stoye, D. Q., Blesa, M., Sullivan, G., Galdi, P., Lamb, G. J., Black, G. S., Quigley, A. J.,
Thrippleton, M. J., Bastin, M. E., Reynolds, R. M., & Boardman, J. P. (2020). Maternal
cortisol is associated with neonatal amygdala microstructure and connectivity in a
sexually dimorphic manner. Elife, 9. https://doi.org/10.7554/eLife.60729

Strimbu, K., & Tavel, J. A. (2010). What are biomarkers? Curr Opin HIV AIDS, 5(6), 463-466.
https://doi.org/10.1097/COH.0b013e32833ed177

Sun, K., Adamson, S. L., Yang, K., & Challis, J. R. G. (1999). Interconversion of Cortisol and
Cortisone by 11B-hydroxysteroid dehydrogenases Type 1 and 2 in the Perfused Human
Placenta. Placenta, 20(1), 13-19. https://doi.org/https://doi.org/10.1053/plac.1998.0352

Suzuki, K. (2018). The developing world of DOHaD. J Dev Orig Health Dis, 9(3), 266-269.
https://doi.org/10.1017/S2040174417000691

Teh, A. L., Pan, H., Chen, L., Ong, M. L., Dogra, S., Wong, J., Maclsaac, J. L., Mah, S. M.,
McEwen, L. M., Saw, S. M., Godfrey, K. M., Chong, Y. S., Kwek, K., Kwoh, C. K., Soh,
S. E., Chong, M. F., Barton, S., Karnani, N., Cheong, C. Y., Buschdorf, J. P., Stiinkel, W.,
Kobor, M. S., Meaney, M. J., Gluckman, P. D., & Holbrook, J. D. (2014). The effect of
genotype and in utero environment on interindividual variation in neonate DNA
methylomes. Genome Res, 24(7), 1064-1074. https://doi.org/10.1101/gr.171439.113

Titus, A. J., Gallimore, R. M., Salas, L. A., & Christensen, B. C. (2017). Cell-type deconvolution
from DNA methylation: a review of recent applications. Hum Mol Genet, 26(R2), R216-
R224. https://doi.org/10.1093/hmg/ddx275

Togher, K. L., Togher, K. L., O'Keeffe, M. M., O'Keeffe, M. M., Khashan, A. S., Khashan, A. S.,
Gutierrez, H., Gutierrez, H., Kenny, L. C., Kenny, L. C., O'Keeffe, G. W., & O'Keeffe, G.
W. (2014). Epigenetic regulation of the placental HSD11B2 barrier and its role as a critical
regulator of fetal development. Epigenetics, 9(6), 816-822.
https://doi.org/10.4161/epi.28703

Tohyama, C. (2019). Maternal Exposure to Environmental Chemicals and Health Outcomes Later
in Life. In F. Sata, H. Fukuoka, & M. Hanson (Eds.), Pre-emptive Medicine: Public Health
Aspects of Developmental Origins of Health and Disease (pp. 3-19). Springer Singapore.
https://doi.org/10.1007/978-981-13-2194-8 1

Topart, C., Werner, E., & Arimondo, P. B. (2020). Wandering along the epigenetic timeline. Clin
Epigenetics, 12(1), 97. https://doi.org/10.1186/s13148-020-00893-7



https://doi.org/10.1016/j.ijdevneu.2019.01.003
https://doi.org/10.3389/fnbeh.2020.601939
https://doi.org/10.1186/s13072-020-00372-6
https://doi.org/https:/doi.org/10.1016/j.prrv.2021.05.007
https://doi.org/10.1016/j.trecan.2020.02.007
https://doi.org/10.1002/dev.21604
https://doi.org/10.1016/j.coemr.2020.07.005
https://doi.org/10.7554/eLife.60729
https://doi.org/10.1097/COH.0b013e32833ed177
https://doi.org/https:/doi.org/10.1053/plac.1998.0352
https://doi.org/10.1017/S2040174417000691
https://doi.org/10.1101/gr.171439.113
https://doi.org/10.1093/hmg/ddx275
https://doi.org/10.4161/epi.28703
https://doi.org/10.1007/978-981-13-2194-8_1
https://doi.org/10.1186/s13148-020-00893-7

References 65

Tuovinen, S., Lahti-Pulkkinen, M., Girchenko, P., Heinonen, K., Lahti, J., Reynolds, R. M.,
Hamalainen, E., Villa, P. M., Kajantie, E., Laivuori, H., & Raikkonen, K. (2021). Maternal
antenatal stress and mental and behavioral disorders in their children. Journal of Affective
Disorders, 278, 57-65. https://doi.org/https://doi.org/10.1016/j.jad.2020.09.063

Turco, M. Y., & Moffett, A. (2019). Development of the human placenta. Development, 146(22).
https://doi.org/10.1242/dev.163428

Turecki, G., & Meaney, M. J. (2016). Effects of the Social Environment and Stress on
Glucocorticoid Receptor Gene Methylation: A Systematic Review. Biological Psychiatry,
79(2), 87-96. https://doi.org/10.1016/j.biopsych.2014.11.022

Van den Bergh, B. R. H., van den Heuvel, M. |., Lahti, M., Braeken, M., de Rooij, S. R., Entringer,
S., Hoyer, D., Roseboom, T., Raikkonen, K., King, S., & Schwab, M. (2020). Prenatal
developmental origins of behavior and mental health: The influence of maternal stress in
pregnancy. Neurosci Biobehav Rev, 117, 26-64.
https://doi.org/10.1016/j.neubiorev.2017.07.003

Varley, K. E., Gertz, J., Bowling, K. M., Parker, S. L., Reddy, T. E., Pauli-Behn, F., Cross, M. K.,
Williams, B. A., Stamatoyannopoulos, J. A., Crawford, G. E., Absher, D. M., Wold, B. J.,
& Myers, R. M. (2013). Dynamic DNA methylation across diverse human cell lines and
tissues. Genome Res, 23(3), 555-567. https://doi.org/10.1101/gr.147942.112

Ventura Ferreira, M. S., Bienert, M., Miiller, K., Rath, B., Goecke, T., Oplander, C., Braunschweig,
T., Mela, P., Brimmendorf, T. H., Beier, F., & Neuss, S. (2018). Comprehensive
characterization of chorionic villi-derived mesenchymal stromal cells from human
placenta. Stem Cell Research & Therapy, 9(1), 28. https://doi.org/10.1186/s13287-017-
07571

Victora, C. G., Adair, L., Fall, C., Hallal, P. C., Martorell, R., Richter, L., Sachdev, H. S., Maternal,
& Child Undernutrition Study, G. (2008). Maternal and child undernutrition: consequences
for adult health and human capital. Lancet, 371(9609), 340-357.
https://doi.org/10.1016/S0140-6736(07)61692-4

Villicana, S., & Bell, J. T. (2021). Genetic impacts on DNA methylation: research findings and
future perspectives. Genome Biol, 22(1), 127. https://doi.org/10.1186/s13059-021-
02347-6

Vink, J., & Quinn, M. (2018). 113 - Chorionic Villus Sampling. In J. A. Copel, M. E. D'Alton, H.
Feltovich, E. Gratacos, D. Krakow, A. O. Odibo, L. D. Platt, & B. Tutschek (Eds.),
Obstetric Imaging: Fetal Diagnosis and Care (Second Edition) (pp. 479-481.e471).
Elsevier. https://doi.org/https://doi.org/10.1016/B978-0-323-44548-1.00113-3

Wadhwa, P. D., Buss, C., Entringer, S., & Swanson, J. M. (2009). Developmental origins of health
and disease: brief history of the approach and current focus on epigenetic mechanisms.
Semin Reprod Med, 27(5), 358-368. https://doi.org/10.1055/s-0029-1237424

Wagner, W. (2022). How to Translate DNA Methylation Biomarkers Into Clinical Practice [Mini
Review]. Frontiers in Cell and Developmental Biology, 10.
https://doi.org/10.3389/fcell.2022.854797

Wang, J., & Zhou, W. H. (2021). Epigenetic clocks in the pediatric population: when and why they
tick? Chin Med J (Engl), 134(24), 2901-2910.
https://doi.org/10.1097/CM9.0000000000001723

Wijmenga, C., & Zhernakova, A. (2018). The importance of cohort studies in the post-GWAS era.
Nat Genet, 50(3), 322-328. https://doi.org/10.1038/s41588-018-0066-3

Wilson, S. L., & Robinson, W. P. (2018). Utility of DNA methylation to assess placental health.
Placenta, 64 Suppl 1, S23-S28. https://doi.org/10.1016/j.placenta.2017.12.013

Wu, X., Chen, W, Lin, F., Huang, Q., Zhong, J., Gao, H., Song, Y., & Liang, H. (2019). DNA
methylation profile is a quantitative measure of biological aging in children. Aging (Albany
NY), 11(22), 10031-10051. https://doi.org/10.18632/aging.102399

Wyrwoll, C. S., Holmes, M. C., & Seckl, J. R. (2011). 11beta-hydroxysteroid dehydrogenases and
the brain: from zero to hero, a decade of progress. Front Neuroendocrinol, 32(3), 265-
286. https://doi.org/10.1016/j.yfrne.2010.12.001



https://doi.org/https:/doi.org/10.1016/j.jad.2020.09.063
https://doi.org/10.1242/dev.163428
https://doi.org/10.1016/j.biopsych.2014.11.022
https://doi.org/10.1016/j.neubiorev.2017.07.003
https://doi.org/10.1101/gr.147942.112
https://doi.org/10.1186/s13287-017-0757-1
https://doi.org/10.1186/s13287-017-0757-1
https://doi.org/10.1016/S0140-6736(07)61692-4
https://doi.org/10.1186/s13059-021-02347-6
https://doi.org/10.1186/s13059-021-02347-6
https://doi.org/https:/doi.org/10.1016/B978-0-323-44548-1.00113-3
https://doi.org/10.1055/s-0029-1237424
https://doi.org/10.3389/fcell.2022.854797
https://doi.org/10.1097/CM9.0000000000001723
https://doi.org/10.1038/s41588-018-0066-3
https://doi.org/10.1016/j.placenta.2017.12.013
https://doi.org/10.18632/aging.102399
https://doi.org/10.1016/j.yfrne.2010.12.001

References 66

Yin, Y., Morgunova, E., Jolma, A., Kaasinen, E., Sahu, B., Khund-Sayeed, S., Das, P. K., Kivioja,
T., Dave, K., Zhong, F., Nitta, K. R., Taipale, M., Popov, A., Ginno, P. A., Domcke, S.,
Yan, J., Schibeler, D., Vinson, C., & Taipale, J. (2017). Impact of cytosine methylation
on DNA binding specificities of human transcription factors. Science, 356(6337),
€aaj2239. https://doi.org/doi:10.1126/science.aaj2239

Yuan, V., Hui, D., Yin, Y., Penaherrera, M. S., Beristain, A. G., & Robinson, W. P. (2021). Cell-
specific characterization of the placental methylome. BMC Genomics, 22(1), 1-20.
https://doi.org/10.1186/s12864-020-07186-6

Zorn, J. V., Schur, R. R., Boks, M. P., Kahn, R. S., Joels, M., & Vinkers, C. H. (2017). Cortisol
stress reactivity across psychiatric disorders: A systematic review and meta-analysis.
Psychoneuroendocrinology, 77, 25-36. https://doi.org/10.1016/j.psyneuen.2016.11.036



https://doi.org/doi:10.1126/science.aaj2239
https://doi.org/10.1186/s12864-020-07186-6
https://doi.org/10.1016/j.psyneuen.2016.11.036

Acknowledgements 67

Acknowledgements

| would like to express my deepest gratitude to all the people who supported me and my work.
Without them this thesis would not have been possible.

First and foremost, | am deeply grateful to my supervisors Prof. Dr. Dr. Elisabeth B. Binder and
Dr. Darina Czamara. | want to thank Elisabeth for being always reachable and taking time for
discussions. Her impressive knowledge of the field, perspectives and guidance have been crucial
for this research. Above that, | am very thankful for her support, for the trust she placed in me,
and for the freedom she provided. All of this helped me to learn, expand my skills, and grow as a
scientist and person. Similarly, | want to thank Darina for being my mentor, always available and
reliable, encouraging, kind and patient. Both her scientific guidance and personal support have
been invaluable. | cannot imagine my PhD journey without all her assistance and involvement
throughout the process.

In addition, | greatly appreciate the amazing collaboration with Prof. Dr. Katri Raikkonen’s re-
search group from the University of Helsinki. | am very thankful that all of you enabled me to work
with great cohort data sets, for our fruitful discussions and for welcoming me so warmly in Finland.
Furthermore, | would like to thank all of our collaboration partners from the Charité in Berlin.

| would also like to thank my Thesis Advisory Committee members, Prof. Dr. Mortiz Rossner and
Prof. Dr. Robert Kumsta, for the helpful feedback they provided and for the positive atmosphere
during our meetings. Additionally, | am thankful for the support from the International Max Planck
Research School for Translational Psychiatry and the involved coordinators. | truly admired the
interesting courses and the wonderful interactions among PhD students. Moreover, my sincere
thanks go out to the Joachim Herz Foundation, which honored me with an incredible useful schol-
arship that supported both my research and personal development.

Importantly, | would like to thank all my colleagues at the Max Planck Institute of Psychiatry. There
are too many people to mention, because so many people supported me along my journey. How-
ever, | want to explicitly mention Dr. Cristiana Cruceanu for her contribution to all of my projects
and her enthusiasm for science. Furthermore, | want to thank the team of Dr. Janine Knauer-
Arloth for the close exchange and support. Jonas Hagenberg, thank you for re-establishing the
Code Club and moderating the Journal Club together with me, and for always having an open ear
and encouraging me. Anastasiia Hryhorzhevska, thank you for our code reviews and helpful dis-
cussions. Moreover, | would like to thank Dr. Natan Yusupov for our good exchange about epige-
netic clocks, DNA methylation pipelines and many more topics, and Vanessa Mandel for helping
me to impute genotypes and being always there for me as a friend. | also thank my former and
current office members (and neighbors), all of the people who shared coffee and lunch breaks
with me, cheered me up and became true friends. The PhD life would not have been the same
without you and | am so glad | met you.

Last but not least, | am extremely thankful for my family and friends outside the institute for their
enduring support. | am grateful for my parents, to whom | can always come back, for providing
unconditional love and care. Likewise, | am thankful for my brother who takes care and always
wants the best for me — and who handled our bees while | pursued my PhD in Munich. Further-
more, | owe much to my grandparents and Marlis, who were always proud of me. Finally, | could
not have undertaken this journey without my friends, who patiently listened to me, encouraged
me, and were there through all ups and downs. You have been an essential part of this journey
and | would not be the person | am without you.



