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old and new puzzles, gets impulses from scientists, discovers breakthroughs and
1
. In the past decades we have witnessed the
lightning change of molecular biology, stimulated by advances in genome sequencing

pharmacogenomics and personalized medicine.
One development that changed human complex trait genetics is genome-wide association
studies (GWAS). It quickly became evident that the search for genetic associations with
complex traits and disease requires large sample sizes, whole-genome screens, and
new analytical methods2. Many consortia, registers, and biobanks were stimulated by
possibilities offered by GWAS, and generated an unprecedented amount of genetic
and phenotypic data on different populations all over the globe, although still with an
overrepresentation of European ancestries. As researchers, we made a huge step
forward from the mindset of a single research study to a multi-project approach based on
large-scale datasets. Importantly, developments in mega- and meta-analyses of multiple
shared datasets and shared results have addressed issues of replication and statistical
power. Increasingly, large population-based data address these research needs.
These include the UK Biobank3, FinnGen in Finland4, Estonian Biobank5, Netherlands
and Swedish Twin registries6,7. In addition, researchers can obtain data by researchagreement-based access in collaboration with commercial parties, such as 23andMe8.
From this perspective, twin registers are prominent research resources, with a unique
was made in 1935 in the Soviet Union when the special twin kindergarten was created
in the medical and genetic institute by initiative of Solomon Levit and colleagues, and
followed 234 twins. The soviet psychologists and geneticists studied memory, development,
attention, and intellect applying twin-control design9. This initiative was interrupted in 1938
in the period of Lysenkoism10. Consistently, twin registers have began appearing since the
early 1950-ies11 in Europe and then worldwide, with the aim of studying the role of genetics
and environment for different phenotypes and diseases, and thus predated the genomic
era. Today the international network of multiple twin registers all over the world contains
information on many phenotypes and biosample collections obtained from twins and their
families longitudinally. It covers almost all types of behavioral traits, mental health and
various complex diseases, with total sample exceeding 1.3 million individuals12.
The classical twin design is an elegant way to estimate the genetic and environmental
two types of twin pairs: monozygotic (one-zygote; MZ) twins and dizygotic (two-zygotes;
DZ) twins. Developing from one zygote, monozygotic twins share almost all of their DNA
sequence. Developing in parallel from two zygotes, dizygotic twins, like full siblings,
share on average half of their segregating alleles.
Different patterns of correlations between phenotypes of MZ and DZ twins allow tests of
hypotheses regarding the contribution of genetic and environmental factors to phenotypic

9

1

Chapter 1

of interest are due to non-genetic factors, i.e. shared and unshared environmental

The second hypothesis is that individual differences in the phenotype of interest are
explained by genetic variation. This implies that the correlations for monozygotic twins
are higher than for dizygotic twins. Boomsma et al. wrote that applications of twin analysis
had led to a change in our understanding of the determinants of health and disease13
and pointed to the value of data in monozygotic twins: “The concordance between
monozygotic twins sets the upper limit on predictions of the human genome sequence”13.
As noted by Martin et al., twin studies re-oriented research programs suggesting higher
heritability in some cases, when the search was focused on environmental factors, and
lower heritability in other cases, when the genetics was considered the main cause of a
trait14. The comparison of monozygotic and dizygotic twin resemblances clearly showed
15
.
The twin design gives opportunities to meet challenges in studying new traits and
environmental changes such as impact of human-driven environmental change and the
COVID-19 pandemic on health16, different roles of men and women in society17, impact
of digital education on child cognitive and socio-emotional development18–20, effect of
21
and also the high-dimensional data generated by omics
technologies.
Responding to the development of omics technologies (e.g., high-throughput molecular
number of twin registries have collected molecular data, including genome, exome,
epigenome, metabolome, and microbiome22), thereby providing new insights into
the biological processes that underlie the association between genes and complex
phenotypes and assessing the extent to which their variation is heritable.
A major focus of this thesis is beyond the variation in the DNA sequence, at the level
control the functional activity of gene promoters and other regulatory regions of the
RNA-based mechanisms. DNA methylation is an epigenetic mark which regulates gene
expression through adding a methyl group (CH3) on cytosine-phosphate-guanine (CpG)
dinucleotides in the genome. DNA methylation arrays provide a tool to assess wholeare widely used in large-scale epigenetic studies.
An epigenome-wide association study (EWAS) incorporates a design that is used to
detect associations between DNA methylation levels at the loci across the genome and
traits in samples from populations. EWASs have the potential to bridge the knowledge
gap from genome sequence to a trait or disease. While the genetic architecture comprises
phenotype, the population frequency of these variants and their interactions with each
other and the environment23, epigenetics adds an important layer of information on how
the genome is packed and expressed24. As the epigenetic mechanisms themselves are

10
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of methylation across genome-wide CpGs, but the slight difference of variance in DNA
25
. Is
DNA methylation a source of phenotypic variance? If so, classical twin modeling can
be extended by taking into account the epigenetic effects that can be added as an
independent third source of variance, distinguishable from the variance attributable to
unshared environment, or from both genetic and environmental components26–28.
With respect to phenotyping, a major focus of the thesis is on early life development.
Notwithstanding a century of twin reseach on complex traits13,14,22, early life traits and
characteristics have been somewhat neglected. Polderman and colleagues15 metaanalyzed heritability estimates based on publications that used the classical twin
design. The meta-analysis across all traits included more than 14 million twin pairs. The
analysis of the traits evaluated in twin studies showed a dominant focus on traits from
the psychiatric, metabolic and cognitive domains. Only ~0.6% of traits and ~1.3% of
studies were related to the perinatal and early life period, or to disorders with onset
during childhood. Traits related to pregnancy, childbirth, neonatal and early-life periods,
except congenital malformations and chromosomal abnormalities, tended to have low
heritability (h2
effects, including for example maternal effects (c2 = 0.310, se = 0.033) to a larger degree
than traits that expressed later in life.
The presence of genetic effects has inspired genetic association studies of early life
traits (or traits supposed to originate in early period, such as handedness) with preand perinatal characteristics, with birth weight as an example of a trait for which many
variants now have been found29.
There are now possibilities to search for factors beyond the genetic sequence. The
prenatal and early discordance in monozygotic twins is unlikely to be caused by the DNA
sequence, although discordant MZ twins have inspired sequencing studies to search
for post-twinning mutations30, but such mutations seem rare. Therefore, the search for
explanations for MZ discordance has included a variety of ante-natal epigenetic and
31,32
.
The concepts of the developmental origins of health and disease (DOHaD), the fetal
origins hypothesis, fetal programming, prenatal programming, and the thrifty phenotypes
hypothesis33–36 posit that the development of disease later in life is caused in part by the
The hypothesis of fetal programming was supported by prominent famine studies that
analysed health outcomes in individuals, who, prenatally, suffered prolonged exposure
to famine. During World War II, there was a severe food limitation under occupation that
spanned a period of 5 months in the Western part of the Netherlands, the so-called Dutch
Hunger Winter. According to the Dutch Hunger Winter Study, the exposure to famine
during all stages of the prenatal period was associated with reduced glucose tolerance,
an increased risk of type 2 diabetes, and during late stage of the prenatal period with
obesity and increased rates of cardiovascular disease37. According to the Leningrad
11
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Siege Study, which address the consequences of the 28-month siege of Leningrad, the
intrauterine exposed group evidenced endothelial dysfunction by higher concentrations
of von Willebrand factor and a stronger interaction between adult obesity and blood
pressure38. Both studies demonstrated the long-term effects of intrauterine malnutrition
on health. Epigenetic mechanisms were proposed as one of explanation37. According to
the Dutch Hunger Winter Study, maternal famine in early gestation has been associated
with long-term DNA methylation changes that were still observable in adulthood39,40.
Likewise, the epigenetic studies of early life exposures provide more evidence that DNA
methylation could mediate their effect on later outcome. A large meta-analysis of prenatal
maternal smoking indicates that associated DNA methylation changes are to some
extent stable throughout the lifespan and are located at genes related to vast variety of
disease and neurodevelopmental disorders41. All and all, the epigenetic mechanisms are
an important element in understanding the developmental origins of later life disease
risk42–44.
Increasingly, genetics and epigenetics are moving towards prediction at the individual
level, with construction of polygenic scores based on results from GWAS, and DNA
methylation scores based on results from EWAS45. The open question remains how
much variance in a complex trait or exposure can be explained by DNA methylation
scores, and how it can be combined with polygenic score prediction.

OUTLINE
My thesis builds on approaches, which are leading in contemporary genetic epidemiology
and have been stimulated by molecular biology advancements, and applies these
conducted an extensive search of the literature. To this end, I searched the literature
using a machine learning and systematic approach for analysis of published associations.
Then I performed epidemiological studies to identify statistical associations between
early life characteristics and Apgar scores and handedness. The epigenome-wide
association study in this thesis was realized through a search of differentially methylated
positions and differentially methylated regions in association with a trait or exposure,
through comparison of discordant monozygotic twins, through longitudinal analysis of
DNA methylation, and through DNA methylation score prediction of traits or exposures.
Longitudinal Study of Parents and Children (ALSPAC). These registers collected data
from newborns and children to address questions regarding the etiology of individual
differences in developmental traits.
“Early Life Outcomes and Exposures” is focused on early life development
by reviewing the literature and by association studies using data of the Netherlands Twin
Register. Chapter 2 is dedicated to one of the earliest newborn measurements at birth,
Appearance, Pulse, Grimace, Activity,
and Respiration), are heritable, and which prenatal and perinatal characteristics effect
12
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Apgar scores in twins. Chapter 3 introduces DNA methylation as one of the epigenetic
mechanisms and describes the DNA methylation changes in children exposed to
maternal smoking during pregnancy. Chapter 4 investigates DNA methylation differences
in children who were breastfed and who were not breastfed. Chapter 5 searches for
associations between handedness – a phenotype was shown by previous studies to
appear in prenatal period – and early life characteristics. The association between lefthandedness and DNA methylation in different tissues and ages is analyzed in Chapter 6.
The second part of my thesis “Genetic and Epigenetic Prediction of Complex Traits”
takes a broader view on several complex traits and exposures through the life span.
Chapter 7 demonstrates the application of the machine learning based selection of
literature for systematic review and analysis of large body of literature and applies this
approach to genetics and epigenetics of aggression and provides a comprehensive
Chapter 8
different tissues for birth weight, prenatal maternal smoking, body mass index (BMI),
former and current smoking status.
The third part “Twin Design for Biomedical Research: Methodological issues”
covers several methodological aspects important for conducting population-based twin
research. Chapter 9 describes in detail the establishment of twin register as a resource
for epidemiological, genetic, epigenetic, and biomarker studies. Chapter 10 discusses

twins and singletons through the life span. Chapter 11 is devoted to a consideration of
ethical issues of twins in research.
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Abstract
A literature review was carried out to identify pre- and perinatal characteristics
associated with variation in Apgar scores in population-based studies. The
design study to estimate the effects of pre- and perinatal factors, both shared and
non-shared by twins and to test for a contribution of genetic factors in 1- and 5-min
Apgar scores in a large sample of Dutch monozygotic (MZ) and dizygotic (DZ) twins.
The sample included MZ and DZ twins (N=5181 pairs) recruited by the Netherlands
Twin Register (NTR) shortly after birth, with data on prenatal characteristics and

literature review and to estimate genetic and non-genetic variance components.

correlations. Our analyses suggest that individual differences in 1- and 5-min Apgar
scores are attributable to shared and non-shared pre- and perinatal factors, but
not to genotypic factors of the newborns. The main predictors of Apgar scores
are birth order, zygosity, gestational age, birth weight, mode of delivery, and fetal
presentation.

Published as: Odintsova, V. V., Dolan, C. V., van Beijsterveldt, C., de Zeeuw, E. L., van
Dongen, J., & Boomsma, D. I. (2019). Pre- and perinatal characteristics associated with Apgar
scores in a review and in a new study of Dutch twins. Twin Research and Human Genetics,
22(3): 164–176.
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Introduction
immediately after birth1. Apgar scoring is standard in obstetrics and neonatological
practice, and the advantage of this screening tool is that it allows for prompt standardized
assessment1,2. It has proven its utility as a population-level indicator of outcome risk,
with predictive value for neonatal and infant death and post-neonatal development3–6. Its
7–12
, and is recognized by national
13,14
guidelines and the World Health Organization . However, there is a discussion regarding
other, possibly more precise, monitoring tools15,16. Apgar scores are evaluated at the
health resulting in a low 5-min score often implies complications of clinical importance,
and indicates that the newborn has not responded to initial intervention4,5,12,14,17.

second-born twin1
twins18–21, among twins and singletons12,22, among term and preterm new-borns20,23, and
among different presentation and modes of delivery24 followed this initial work. Two small
studies25,26 suggested that genetic factors also contribute to variation in Apgar scores.
However, because of small sample sizes the results of these studies were inconclusive.
The aim of the present study is twofold. First, we present a literature review of the studies
on Apgar scores, including singleton and multiple births, in order to identify pre- and
perinatal characteristics associated with variation in Apgar scores in population-based
studies. Second, in a large sample of Dutch monozygotic (MZ) and dizygotic (DZ) twins
enrolled in the Netherlands Twin Register27 we estimated effects of pre- and perinatal
literature search and test for a contribution of genetic factors in the classical twin design.

Methods
Literature Review
A review of the literature regarding pre- and perinatal characteristics associated with Apgar
scores was conducted in PubMed (MEDLINE), Web of Science, Embase and reference
lists of retrieved articles. Search terms were “Apgar scores” and “heritability”, “genetic
effect”, “prenatal factors”, “twins”, “fetal presentation”, “mode of delivery”, “gestational
neonatology, and on mortality and morbidity were excluded. We followed prior research
on Apgar scores11,28,29 and grouped pre- and perinatal characteristics in the following
categories – biological maternal and paternal factors, socioeconomic factors, mode of
conception, gestational age (GA), pregnancy and delivery characteristics, and newborn
characteristics. The list of characteristics was included in an empirical study in which
resemblance in mono- and dizygotic twins in a bivariate (1- and 5-min Apgar scores)
model was evaluated.
22

Pre- and perinatal characteristics and Apgar scores

Data on Apgar scores and pre- and perinatal characteristics were obtained from the
Netherlands Twin Register (NTR)27. The NTR recruits families with twins a few weeks
to months after birth. Informed consent is obtained from parents. Surveys, including
questions on pregnancy, birth and outcomes, were sent to mothers after registration of
new-born twins.
Zygosity
For the majority of twin pairs genotyping for zygosity was based on a genome-wide SNP
array30, or on genome-wide sets of micro-satellites. Zygosity typing in earlier studies was
based on smaller numbers micro-satellite markers, blood groups31 or SNPs27. For 27% of
the same-sex pairs, zygosity was based on items about physical similarity and frequency
of confusion of the twins by parents and strangers. These surveys correctly determined
32
. In 19% of the cases zygosity was based on a
single item, indicating how much the children look alike, at age 2, which gives a correct
determination of zygosity in 92% of the cases33. For the other same-sex pairs, zygosity
was based on a single question from survey 1.
The sample comprised of 5181 twin pairs, born between 2005 and 2017. Of these, 1763
in the Netherlands). The dataset includes complete information on zygosity, gestational
available in 4947 pairs, and 5-min Apgar scores in 4724 pairs. Both Apgar scores were
available for 4623 pairs.
The study protocols were approved on March 16, 2004 by the Central Ethics Committee
on Research Involving Human Subjects of the VU University Medical Center, Amsterdam;
and May 25, 2017 (NTR-25-mei-2007). All participants provided informed consent.
Variables
Apgar scores were analyzed: (a) as a continuous variable (scores between 0 to 10); (b) as
conventional categories (ordinal variables): Apgar values of 0–6 (low), 7–9 (intermediate),
and 10 (high); a total score of lower than 7 is considered a source of concern2.

cephalic; breech and horizontal presentations: non-cephalic), mode of delivery (vaginal
and intervention with vacuum extraction, forceps or cesarean section), and intertwin
delivery interval. For 1003 MZ twins, we had information on chorionicity34. Of these, 745
were monochorionic (MC) and 258 were dichorionic (DC).
Data analyses
Frequencies and means. The data were analysed using SPSS version 25. The frequencies
of maternal, delivery and infant characteristics were obtained within each Apgar score
23
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continuous variables in MZ and DZ pairs were tested using ANOVA, comparisons
Fixed effect analysis. The role of maternal, pregnancy, delivery and infant characteristics
characteristics were included in genetic covariance structure analysis (GCS) of the twin
data. Four variables (gestational age, fetal presentation, mode of delivery, birth weight)
were selected for inclusion in the analyses of twin resemblance for 1- and 5-min Apgar
scores.
Twin correlations. Twin (polychoric) correlations of ordinal Apgar scores in MZ and DZ
twins were estimated in Mplus. MZ twins are genetically identical, while DZ twins share on
average 50% of their alleles identical by descent (from their parents). The MZ correlation
(rMZ) is expected to be greater than the DZ correlations (rDZ
by genes (rMZ>rDZ). The presence of shared environmental factors is suggested if the
DZ correlation is larger than half the MZ correlation (rDZ>rMZ/2). Unshared environmental
35
.
We carried out GCS analyses of
polychoric correlation matrices of the ordinal (3-point) 1- and 5-min Apgar scores using
Mplus 636. The analysis of ordinal data is based on the liability-threshold model37, in which
the ordinal scores arise by imposing thresholds on a continuous (standard normal) liability
dimension. The twin resemblance at the level of this dimension is expressed by the
polychoric correlations. The thresholds are a function of frequencies of the ordinal Apgar
values. Given the 3-point ordinal Apgar scores, there are two thresholds in GCS analysis,
twins, and to analyse the thresholds, in the presence of the covariates. Subsequently,
modeled in terms of genetic and shared and unshared environmental effects. Parameter
estimates were obtained by means of the weighted least squares estimation (the Mplus
estimator WLSMV36). Model comparisons were based on the comparison of model Chiaim of the GCS modelling was to assess the contributions of genetic and environmental

additive genetic (A), shared environmental (C) and unshared environmental effects (E).
The results of the analyses provide us with the decomposition of the phenotypic variance
of the 1- and 5-min Apgar scores and the decomposition of the phenotype covariance
the bivariate ACE model, we used chi-square difference test to test sex differences, and
zygosity difference, and birth-order differences in the covariates. We test sex differences
in the ACE variance components.
second-born twin), sex, and zygosity (see Table S2). We tested whether the thresholds
were equal in males and females (retaining birth order and zygosity-related differences),
which was found to be the case, 2(16)=23.8, p=.09. We tested whether the thresholds
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were equal in monozygotic and dizygotic twins, but this was not the case, 2(8)=23.4,
p=.003. So, in the model of choice, we estimated 16 thresholds: 2 for 1-min Apgar scores,
2 for 5-min Apgar scores, which different over zygosity and birth order. In the model, the

the ACE covariance matrices. As the twin correlation are suggestive of an CE model (i.e.,
genetic parameters to zero. This was found to be the case: 2(6)=10.3, p=.11. In this CE
model, we constrained the shared by twins and non-shared parameters to be equal over
sex, and found sex differences in the shared and non-shared parameters to be absent,
2
(4)=3.958, p=.41.

RESULTS
Review of the literature
The review of studies on characteristics associated with Apgar score included populationbased and twin studies published from 1981 to 2018 with exclusion of studies that concern
in new-borns, and long-term outcomes associated with Apgar scores. Our literature
Table 1) and singletons (see
Table S1 in Supplementary material). The characteristics associated with Apgar scores
may be summarized as:
Biological maternal and paternal factors. Maternal short stature38,39, low maternal age <
1740, high maternal age >40 year11,41 and high paternal age >55 years42 were associated
with low Apgar scores. However, Milsom et al.28 found no association of Apgar scores
Apgar scores in some 11,12,43, but not all studies44,45.
These were studied in European countries. Maternal occupation,
single parent did not show association with Apgar scores in the study of Straube et al.11.
11,28,46
. Low
Apgar scores were associated with single motherhood28, missing paternal demographic
information47
circumstances50.
Mode of conception. Two small studies reported an association of 5-min Apgar score
with mode of conception51,52
5-min Apgar scores between twins who were conceived naturally and twins who were
53–58
.
Gestational age. Apgar scores were associated with both low9,20,22,23,39,59–63 and high12,39
gestational age.
Pregnancy characteristic. A multiple pregnancy is a risk factor of adverse outcomes,
including low Apgar scores12,20,39,58
25
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Authors

1 Rayburn et al.
(1984)

Sample
(country)

Sample size n
infants
(n twin pairs)

Sample and setting

USA

230
(115 pairs)

Twin sample with vaginal
delivery

Apgar
score (min)
5 min

2

Morley et al.
(1989)

UK

3

Hegyi et al.
(1998)

USA

1105 (including
123 twin pairs)

Population-based
cohort of preterm births
(including multiplies)

1 and
5 min
(components)

4

Moise et al.
(1998)

Israel

120
(60 pairs)

Case-control: twins after
IVF and spontaneous
conception

1, 5 min

5

Daniel et al.
(2000)

Israel

594
(297 pairs)

Twin pregnancies
conceived spontaneously
and via ART

1 min,
5 min

6

Koudstaal et
al. (2000)

the Netherlands

288
(144 pairs)

Case-control study:
twins after IVF and
spontaneous conception

5 min

7

ThorngrenJernck et al.
(2001)

Sweden

1,028,705
(including 6,433
twin pairs)

Population based cohort,
term infants including
multiplies

5 min

476 (including 45 Preterm sample
twin pairs)
singletons and twins

Characteristics
associated with
low Apgar score ( )

5 min

Characteristics not
associated with Apgar
score
Intertwin delivery time

Early GA, birth order (second
twin)

Multiple birth in preterm

Apgar 1 and 5 min: low
birthweight, early gestational
age, lower arterial blood pH,
race (black vs white). Apgar
1 min: vaginal mode of delivery,
sex (male vs female)
Mode of conception

Birth order with mode of
conception ( Apgar 5 min for

Mode of conception

Vaginal breech delivery, birth
weights above 5 kg, second
born twins, primiparity, maternal
age, smoking, post-date
pregnancy, epidural analgesia,
male infant gender, being born
at night
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TABLE 1.
Review of studies on prenatal characteristics and Apgar scores in twins

Table 1 (continued)
Authors

8 Caukwell et al.
(2002)

9

Usta et al.
(2002)

10 Erdemoglu et
al. (2003)

Sample
(country)

Sample size n
infants
(n twin pairs)

Sample and setting

Apgar
score (min)

Characteristics
associated with
low Apgar score ( )

Characteristics not
associated with Apgar
score

844
(422 pairs)

Twins with different
presentation
at birth

5 min

Early gestational age

Fetal presentation
(cephalic/noncephalic)
of the second born with
vaginal delivery

Lebanon

922
(461 pairs)

Twin cohort, term

1 min,
5 min

Birth order ( second born)

In second born mode of
delivery or presentation

Turkey

252
(126 pairs)

Normal twin births

1, 5 min
of the
secondborn

For second twin: early
gestational age, low birthweight
of the second twin (<1900 g),
inter-twin delivery interval >15
min for second twin in breech
presentation

Delivery route, fetal
presentation

11

Ochsenkuhn et al.
(2003)

Germany

477 (including
78 twin pairs)

Case-control: twins after
IVF and spontaneous
conception

1, 5,
10 min

Mode of conception

12

Tan et al.
(2004)

USA

304,466
(152,233 pairs)

Population-based cohort
twins

5 min

Paternal demographic
information missing

13

Wen et al.
(2004)

USA

128,219 second
twins (128,219
pairs)

Live born second twins

5 min

Birth order and mode of delivery
( in second twin delivered with
cesarean section after vaginal

14

Haest et al.
(2005)

the Netherlands

328
(164 pairs)

Term twin births with
different mode of delivery

5 min

Birth order ( in second twin)

Mode of delivery (vaginal vs
planned cesarean)
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UK
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Authors

Sample
(country)

Sample size n
infants
(n twin pairs)

15

Hartley et al.
(2005)

USA

10,276 (5,138
pairs)

16

Usta et al.
(2005)

Lebanon

17

Sibony et al.
(2006)

Sample and setting

Apgar
score (min)

Characteristics
associated with
low Apgar score ( )

Characteristics not
associated with Apgar
score

Twin births with different
delivery interval (low risk
group)

5 min

Early gestational age; birth order
( in second twin); for second
twin long intertwin delivery
interval >15 min, fetal breech
presentation

434
(217 pairs)

Twin cohort

1 min,
5 min

Vaginal delivery of
vertex-nonvertex twins ( in
second twin)

France

1,228
(614 pairs)

Twin cohort preterm and
term

5 min

Mode of delivery: cesarean
section for second born

18 Bjelic-Radisic
et al. (2007)

Austria

562
(281 pairs)

Twin birth cohort

1, 5,
10 min

Birth order ( in second twin),
Fetal presentation of the
for second twin mode of delivery second born
( cesarean section after vaginal

19 Sentilhes et al.
(2007)

France

412
(206 pairs)

20

Sweden

31,982 (15,991
pairs)

Uncomplicated twin
pregnancies with different
presentation and mode of
delivery

5 min

Birth order and mode of delivery
( in second born with vaginal
delivery)

France

1,516
(758 pairs)

Twin cohort, term vaginal
deliveries, cephalic-pre-

5 min

Mode of delivery: planned
vaginal in both twins

Herbst et al.
(2008)

21 Schmitz et al.
(2008)

5 min

Mode of delivery (vaginal
vs planned cesarean)

in breech position, term
deliveries
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Table 1 (continued)
Authors

Sample
(country)

Sample size n
infants
(n twin pairs)

Sample and setting

Apgar
score (min)

Characteristics
associated with
low Apgar score ( )

Characteristics not
associated with Apgar
score

Stein et al.
(2008)

Germany

8,220
(4110 pairs)

Population-based twin
cohort, term vaginal

1, 5,
10 min

Apgar score 1, 5, 10 min for
second twin: increased twin-to
twin delivery time interval. Apgar
score 5 min for second twin:
birth weight discordance (birth
weight greater in second twin),
mode of delivery

Fetal presentation
of the 2d born

23

Fox et al.
(2010)

USA

574
(287 pairs)

Twin birth with different
mode of delivery

1 min,
5 min

Non-active second-stage
management

Mode of delivery (vaginal
vs planned cesarean)

24

Kwon et al.
(2011)

Korea

158
(79 pairs)

Twin births with known
umbilical arterial blood
parameters

1 min,
5 min

Vaginal delivery and intertwin
delivery time ( for second twin)

25

Schneuber
et al. (2011)

Austria

414
(207 pairs)

Twin births, term
deliveries

1, 5,
10 min

Intertwin delivery time

26

Barrett et al.
(2013)

Canada

5,607
(2,804 pairs)

Twin births

5 min

Mode of delivery (planned
vaginal vs planned
cesarean section) on low
Apgar as the component of
primary outcome

27

Fan et al.
(2013)

China

750
(375 pairs)

Dichorionic twin
pregnancies conceived
spontaneously and via
ART

1 min,
5 min

Mode of conception
(spontaneous vs ART)

Italy

690
(345 pairs)

Dichorionic, diamniotic
twin pregnancies
conceived spontaneously
and via ART

5 min

Mode of conception
(spontaneous vs ART)

28 Caserta et al.
(2014)

29
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Sample
(country)

Sample size n
infants
(n twin pairs)

Hjorto et al.
(2014)

Denmark

1,100
(550 pairs)

Twin deliveries

Vogel J.P. et
al. (2014)

WHO
Global
Survey on
Maternal
Health
(multicountry
Africa,
Asia, Latin
America)

2,848
(1,424 pairs)

Multiple births

5 min

For second twin: non-vertex
presentation after vaginal

USA

4,450
(2,225 pairs)

Twin birth cohort

5 min

Mode of delivery (vaginal
delivery vs cesarian section)
in twins

Authors

29

30

31 Wenckus et al.
(2014)

Sample and setting

Apgar
score (min)

1 min

Characteristics
associated with
low Apgar score ( )

Characteristics not
associated with Apgar
score

For second born chorionicity
(monochorionic), time between
birth, vacuum extraction

32

Dolgun et al.
(2016)

Turkey

176
(88 pairs)

Preterm twins without
complications

1 min,
5 min

Apgar score 1 min: low fetal
body weight, early gestational
age, low height, head
circumference

33

Jhaveri et al.
(2016)

India

186
(93 pairs)

Twin birth sample

5 min

For second born vaginal mode
of delivery

Apgar 1 and 5 min:
maternal age, placental
weight, length of umbilical
cord, premature rupture of
membranes, birth order.
Apgar 5 min: gender, mode
of delivery, gestational age,
height, head circumference.
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Table 1 (continued)
Authors

Sample
(country)

Sample size n
infants
(n twin pairs)

Sample and setting

Apgar
score (min)

Characteristics
associated with
low Apgar score ( )

34 Machado et al.
(2017)

Portugal

1051
(540 pairs)

Twin preg-nancies with
known chorionicity

35

Vulic et al.
(2017)

Croatia

434
(217 pairs)

Dichorionic twin
pregnancies

36

Pourali et al.
(2016)

Iran

254
(127 pairs)

Dichorionic twin
pregnancies following
ART vs. spontaneous

1 min,
5 min

Multiple pregnancy

37

Zhao et al.
(2017)

USA

216,076
(108,038 pairs)

Mixed-gender twin pairs

5 min

Male sex, mixed-gender twin
pairs

38

Algeri et al.
(2018)

Italy

800
(400 pairs)

Diamniotic pregnancies

Not
indicated

Sweden

1054
(527 pairs)

Twin birth with different
delivery interval (not high
risk group)

Not
indicated

5 min

Chorionicity

Discordant twin growth in DC
pregnancies
Mode of conception (ART
vs spontaneous)

Intertwin delivery time

Lower birthweight, early
gestational age, inter-twin
birthweight discordance >25%,
chorionicity (MC for second
born)

For second twin twin-totwin time interval (30 min
or >30 min), presentation
at birth

Note: studies are indicated with ** in the reference list. MC, monochorionic; DC, dichorionic.
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39 Lindroos et al.
(2018)

5 min

Characteristics not
associated with Apgar
score
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Figure 1. Proportions of MZ and DZ newborn twins in different categories
of 1- and 5-min Apgar score

pregnancies62,64 and dichorionic pregnancies with discordant fetal weight65. Again, some
66
. Even though maternal smoking
is generally associated with negative outcomes in neonates, most studies found no
accounting for other confounders11,28,50,67
68

.

Delivery characteristics. Multiple deliveries were associated with adverse outcomes in
the second-born twin12,18–21,69,70. The intertwin delivery interval is an important determinant
of the adverse effects on the second-born60,61,64,69,71 as this interval is related to the risk
of hypoxia, due to decreasing pH in the umbilical arterial blood. However, other studies
showed that even a relatively long intertwin delivery interval was not associated with
unfavourable Apgar scores28,62,72–74.
Non-cephalic (breech and horizontal) presentation at birth is associated with low Apgar
score in singletons75–77 and twins61
vertex presentation of the second twin was associated with increased odds of a low 5-min
Apgar score77. However, other studies found no support for an effect of fetal presentation
on the Apgar score of the second twin59,62,70,78,79. Emergency interventions (vacuum
extraction, forceps, urgent operative delivery) were associated with adverse outcomes,
including low Apgar scores28,45,64. The risk of a low Apgar score given at planned vaginal
delivery was much higher than the risk associated with a selective caesarean section in
singletons22,75 and twins79, especially in second-born twin19,69,80–82. The effect of mode of
delivery in twins was not supported by some studies analyzing different fetal presentation
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deliveries83–85. Cesarean section was associated with low Apgar in second twin following
21,29
.
New-born characteristics. Several studies found a positive association between birth
weight and Apgar scores12,22,23,60,62,71,86. However, Iliodromiti et al9 found no association of
birth weight and Apgar scores in the large population-based sample of more than 1 million
births in Scotland. Birthweight discordance in twins is associated with low Apgar scores
for the second-born62,71. On average, girls have higher Apgar scores than boys22,23,87,88.
Based on our literature review, we included the following risk factors in our analyses
of the twin data: zygosity, chorionicity, birth order, gestational age, birth weight, sex,
presentation.
Descriptives and Apgar scores in twins
Proportions of new-born NTR twins in three categories of 1- and 5-min Apgar scores (low,
in Figure 1 (distribution in pairs see in Table S3
and second-born twins do not differ greatly with respect to the 1-min Apgar scores. For
instance, the proportion of intermediate 1-minute Apgar score (7–9) are about 79%, 74%,

born twins in the 5-min Apgar scores. For instance, the proportion of a high 1-min Apgar
born, DZ second-born, respectively).

p<.0001),
p

p

minute 9.51 vs. 9.26 (p
p<.0001).
In second-born twins, there was no effect of zygosity (see Table S4).
distribution of perinatal and delivery characteristics of NTR twins are presented in Table
2 (for information on characteristics of low, intermediate and high Apgar score groups see
Table S5
Table S6 in the Supplementary

chorionicity data, taking into account gestational age, birth weight, sex, mode of delivery,
and fetal presentation (Table S7 in the Supplementary materials). Characteristics without
Multi-group genetic covariance structural equation modelling of the ordinal 1- and
5-min Apgar scores included monozygotic male (MZM), and female (MZF), dizygotic
male (DZM), and female (DZF), dizygotic male-female (DZMF) and dizygotic female33
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TABLE 2.
Prenatal, delivery, and infant characteristics of monozygotic and dizygotic twin pairs
MZ twin pairs (n=1763)

DZ twin pairs (3418)

second-born
Sex
male
female
Total
Gestational age (weeks)
<=32
33-36
>=37
Total

879 (49,90%)
884 (50,10%)
1763

1724 (50,40%)
1694 (49,60%)
3418

1723 (50,40%)
1695 (49,60%)
3418

126 (7,10%)
916 (52,00%)
721 (40,90%)
1763

148 (4,30%)
1294 (37,90%)
1976 (57,80%)
3418

18-29
30-39
>40
Total

651 (36,90%)
1056 (59,90%)
56 (3,20%)
1763

877 (25,70%)
2426 (71,00%)
115 (3,40%)
3418

<25
25-30
>30
Total
missing

177 (10,80%)
726 (44,40%)
733 (44,80%)
1636
127

293 (9,20%)
1346 (42,30%)
1544 (48,50%)
3183
235

353 (20,60%)
1164 (67,80%)
199 (11,60%)
1716
47

461 (14,00%)
2300 (69,80%)
532 (16,20%)
3293
125

1592 (91,10%)
55 (3,10%)
101 (5,80%)
1748
15

1939 (57,30%)
531 (15,70%)
913 (27,00%)
3383
35

20-29
30-39
>40
Total
missing
Mode of conception
naturally
stimulated
Total
missing
Birthweight
<1500
1500-2500
>2500
Total
missing
Fetal presentation
cephalic
noncephalic (breech,
horizontal)
Total
missing

34

879 (49,9%)
884 (50,10%)
1763

second-born

102 (5,80%)
821 (46,70%)
835 (47,50%)
1758
5

112 (6,40%)
869 (49,50%)
775 (44,10%)
1756
7

130 (3,80%)
1245 (36,50%)
2033 (59,70%)
3408
10

158 (4,70%)
1352 (39,80%)
1885 (55,50%)
3395
23

1487 (84,70%)
269 (15,30%)

1032 (59,40%)
706 (40,60%)

2562 (75,30%)
842 (24,70%)

1758 (52,10%)
1617 (47,90%)

1756
7

1738
25

3404
14

3375
43
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Table 2 (continued)
MZ twin pairs (n=1763)

DZ twin pairs (3418)

second-born
Mode of delivery
vaginal
planned caesarean
section
urgent intervention
(forceps, vacuum
extraction)
urgent caesarean
section
Total
missing
Intertwin delivery time
(minutes)
<5
6-15
16-60
61-1440
Total

second-born

970 (55,20%)
235 (13,40%)

968 (55,50%)
234 (13,40%)

1734 (50,90%)
650 (19,10%)

1617 (47,80%)
649 (19,20%)

182 (10,40%)

110 (6,30%)

314 (9,20%)

257 (7,60%)

370 (21,10%)

431 (24,70%)

712 (20,90%)

863 (25,50%)

1757
6

1743
20

3410
8

3386
32

767 (43,50%)
612 (34,70%)
342 (19,40%)
42 (2,40%)
1763

1492 (43,70%)
914 (26,70%)
866 (25,30%)
146 (4,30%)
3418

Note: values are n (%).

male (DZFM) pairs. We included gestational age (a characteristic of twin pairs) and
fetal presentation, birth weight, mode of delivery (characteristics of individual twins) as
covariates. We estimated the effects of covariates and the polychoric twin correlations
(Table S2 in the Supplementary material).
In multi-group genetic analyses the effects of covariates did not differ with respect to sex
( 2 (16)=8.88, p=.91). Gestational age had a positive effect on both Apgar measurements
in both twins (p<.0001) (Table 3). Birth weight had a positive effect on 5-min Apgar
ß1min=.09, p=.002). The effects of delivery characteristics, such
ß1min=.11, p=.02; ß5min=.19, p<.0001), and non-cephalic
presentation of the second-born twin have negative effect on Apgar scores (ß1min=-.23,
p<.0001; ß5min=-.16, p<.0001). First-born twins delivered vaginally were more likely to
have higher Apgar scores at both points (ß1min=.26, ß5min=.42, p<.0001). Second-born
twins delivered vaginally were more likely to have lower 1-min Apgar scores (ß1min=-.14,
p
ß5min=-0.002, ns).
Table 4 summarizes the twin correlations with and without the correction for covariates
(see also Table S8 in the Supplemental material). Overall, the correlations, which
varied between .43 and .55, did not differ greatly between zygosities, which suggests
(CI-95% [0.51, 0.54]) and 50.2% (CI-95% [0.48, 0.52]) of the variance of the 1- and
5-min Apgar scores, respectively. The remainder of the variance was explained by nonshared environmental effects: 47.4% (CI 95% [0.46, 0.49]) and 49.8% (CI 95% [0.48,
35
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TABLE 3.
Average for continuous Apgar scores and effect of gestational age, birth weight, fetal presentation

ß

SE

Est./SE

p

CI (95%)

Effect size for ordinal score
Gestational age (Z-scores)
Birthweight (Z-scores)
Fetal presentation (0=cephalic/1=noncephalic)
Mode of delivery (0=vaginal/1=intervention)

0.245
0.043
0.110

0.032
0.032
0.048

7.483
1.431
2.322

0.000
0.153
0.020

[0.161; 0.329]
[-0.038; 0.125]
[-0.014; 0.233]

-0.258

0.041

-6.297

0.000

[-0.363; -0.152]

Effect size for ordinal score
Gestational age (Z-scores)
Birthweight (Z-scores)
Fetal presentation (cephalic/non-cephalic)
Mode of delivery (vaginal/intervention)

0.301
0.097
0.194
-0.417

0.033
0.032
0.051
0.041

9.000
3.055
3.81810.263

0.000
0.002
0.000
0.000

[0.215; 0.387]
[0.014; 0.179]
[0.062; 0.325]
[-0.522; -0.312]

1-min Apgar second-born twin: mean 8.61
Effect size for ordinal score
Gestational age (Z-scores)
Birthweight (Z-scores)
Fetal presentation (cephalic/non-cephalic)
Mode of delivery (vaginal/intervention)

0.279
-0.001
-0.231
0.141

0.031
0.030
0.033
0.034

8.991
-0.0127.042
4.100

0.000
0.990
0.000
0.000

[0.200; 0.360]
[-0.078; 0.075]
[-0.315; -0.147]
[0.052; 0.229]

5-min Apgar second-born twin: mean 9.51
Effect size for ordinal score
Gestational age (Z-scores)
Birthweight (Z-scores)
Fetal presentation (cephalic/non-cephalic)
Mode of delivery (vaginal/intervention)

0.346
0.0260.163
0.002

0.032
0.030
0.033
0.034

10.948
0.8944.966
0.070

0.000
0.372
0.000
0.944

[0.265; 0.428]
[-0.052; 0.104]
[-0.248; -0.079]
[-0.086; 0.091]

0.52]) of the variance of the 1- and 5-min Apgar scores, respectively. The correlation
between the 1- and 5-min Apgar scores was .70 (CI 95% [0.68, 0.72]), which consistent
with the correlations shown in Table 4. This correlation is decomposed into .33 (CI 95%
[0.30, 0.35]) due to shared prenatal environmental factors, and .37 (CI-95% [0.39, 0.40])
due to unshared prenatal environmental factors (see Table S9 and Figure S1 in the
Supplemental material).
DISCUSSION
Apgar scores in population-based and twin studies. These included gestational age, birth

time. In the current analyses of twins, birth order, zygosity, gestational age, birth weight,
fetal presentation at birth, and mode of delivery contributed to Apgar scores.
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TABLE 4.
Twin correlations for 1- and 5-min Apgar score (ordinal variables) noncorrected and corrected for
gestational age, birth weight, mode of delivery and fetal presentation

Twin correlations
1-min Apgar

Twin correlations
5-min Apgar

MZM
MZF
DZM
DZF
DZMF
DZFM

MZM
MZF
DZM
DZF
DZMF
DZFM

r

r adjusted to
covariates

.621
.607
.544
.610
.539
.595

.552
.537
.485
.551
.479
.536

.676
.643
.630
.620
.568
.547

2

.540
.507
.518
.508
.455
.435

Note: MZM = monozygotic male, MZF = monozygotic female, DZM = dizygotic male, DZF = dizygotic female, DZMF =
dizygotic male–female and DZFM = dizygotic female–male.

In our empirical study, parental characteristics were not associated with Apgar scores.
studies may be explained by families included in these other studies, such as teenage
mothers40, mothers over age >4041, and older fathers42. In our sample, only 171 women
were above 40 years (3.2% MZ and 3.4% DZ of mothers), and there were no mothers
younger than 18. An effect of a maternal BMI on Apgar score was found in some studies
of singletons11,12,43. Multiple pregnancies are generally accompanied by greater maternal
BMI due to gestational weight gain than in singleton pregnancies. This may explain
mothers in our sample had BMI >30). Optimal gestational weight gain in twin pregnancy
28
is unclear89
and
44,45
BMI at birth
are not associated with Apgar score. Monochorionicity was an important
risk factor for adverse perinatal outcomes in twins34,62,64,90, but was not associated with
Apgar scores in our study.
In accordance with many singleton9,22,39,63 and twin20,23,59–62 studies, we found a large effect
of gestational age. In premature new-borns, a low Apgar score may indicate intrinsic
physiological immaturity and inadequate capacity for response rather than abnormal
physiological functions9. Preterm twins have the same prognosis as preterm singletons20.
The effect of gestational age was stronger than birth weight. We found effects of birth

condition12,18–21,25,69,70. The second twin is at greater risk of lower scores, which can be
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to decide the better tactics, or complications during delivery. The proportion of low Apgar
25
corresponds with our

and should be further investigated together with mode of delivery and in application of
61

, and could
be associated with tactics of delivery that can be planned in comparison with delivery
born can increase the probability of high Apgar scores in the new-borns. The previous
studies have shown that the effect of fetal presentation on Apgar scores in second-born
59,62,70,77–79
.
Cephalic presentation of the second twin is associated with higher Apgar scores in our
study, in line with previous studies.
Physicians have gained a clear understanding of how to deliver twins with regard to
their presentation and gestation. Some retrospective analyses and meta-analyses
reported that the prognosis of twins was not different according to delivery mode29,70,91,
but population-based studies reported that the mortality rate or complications in second
twins were higher in vaginal deliveries19,21,24,69,79–82,92. We found better outcomes, in terms

born twins as shown by Wen et al21. The mode of twin delivery should be considered on
the basis of information on fetal presentation of both twins; when concerning the mode
of delivery of the second-born one should take in account the mode of delivery of the

1- and 5-min Apgar scores. In contrast to a smaller twin study done without precise
25

The slightly higher correlations in monozygotic twins in our study partly corresponds
26
for 1-min Apgar scores in
non-genetic factors shared by twins from the same pairs. We acknowledge that a shared
if both twins are rated at the same time by one nurse). Apgar scores represent routine
practices as opposed to true differences in biomedical outcomes14. Also, the genotype of
the mother in part creates the prenatal environment of both twins and thus is part of the

death. If the individual components of Apgar score (skin color or appearance, pulse rate,
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also are of interest for future studies to examine the sources of unique environment.
For understanding the variance of shared and non-shared perinatal environment further

CONCLUSIONS
We have found that for both MZ and DZ pairs second-born twins have lower Apgar

Apgar score, about half of the variation was explained by shared and half by non-shared
environmental factors. It is possible that some of the shared environment is due to the
same rater scoring both twins. The most important factors for Apgar scores are gestational
age, birth weight, birth order, zygosity, fetal presentation, and mode of delivery.
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Abstract
This chapter is based on the review published in the Russian journal Akusherstvo
i Gynekologiya published from 1930-es and retained as one of the oldest journals
in Russian Federation. It discusses the results of studies on the role of DNA
methylation during human embryonic development, and the effects of maternal
smoking on the epigenetic status of a developing child. The molecular mechanisms
mediating the association between maternal smoking during pregnancy and its
long-term effects on the development and health of the offspring are the object of
active research in medicine and biology. Human genomics studies in recent years
have shown that one mechanism may be stable tobacco smoke-induced alterations
in DNA methylation that cause concomitant smoking-related developmental and

developmental disorders, and affect the health and development of a newborn and
the quality of his/her subsequent life.

Published as:
and DNA methylation abnormalities in children at early developmental stages. Akusherstvo i
Ginekologiya (Russian Federation), (9): 5–12.
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Introduction
According to the WHO, tobacco smoking is one of the leading risk factors for morbidity
and premature mortality among middle-aged adults. Moreover, for women, it is the second
most important risk factor after high blood pressure. While in adults smoking leads to the
risk of developing various systemic diseases1, the effects of smoking during pregnancy
can lead to irreparable fetal malformations2, and can affect the health and development
of the newborn, and ultimately quality of his/her life in general. It has been established
that smoking during pregnancy acts as an exogenous factor which interferes with the
fetus development in a dose-dependent manner3. Thus, smoking during pregnancy is
known to be associated with respiratory failure, and more pronounced asthma symptoms
sudden deafness in newborns, otitis media, neurobehavioral disorders, etc.4–10. A large
population-based study of 15,228 pairs of Dutch twins from the Netherlands Twin Register
showed a greater effect of maternal smoking during pregnancy compared to paternal
smoking for externalizing behaviour, aggression, overactive and withdrawn behaviour.
Smoking cessation before pregnancy was associated with less externalizing, overactive
behaviour, aggression and oppositional behaviour, but had no effect on internalizing
behaviour, anxious depression, or withdrawn behaviour11.
on individual variation in health and morbidity indicators tends to focus on the association
between the disease, external factors and genotype. Studies conducted over recent

the development of diseases and systemic disorders, along with genomic variation12.
activity of gene promoters (nucleic acid sequences, recognizable by RNA polymerase and
transcription factors as a starting point for transcription), and other regulatory regions of
and RNA interference13. Epigenetics (from the Greek epi – upon, above) focuses on
these mechanisms while studying the patterns of heritable changes in gene expression
that do not involve changes to the underlying DNA sequence.
This review focuses on one of the main epigenetic mechanisms, DNA methylation, and its
role in human embryonic development, with a special emphasis on the impact of tobacco
DNA methylation as an epigenetic mechanism
DNA methylation is a mechanism of gene expression regulation and is involved in a
number of key processes, including genomic imprinting, X-chromosome inactivation14,
16
repression of transposable elements15
that underlies
the structural and functional diversity of cells and tissues in the body. DNA methylation
is a process by which a methyl group (CH3
– cytosine – which is followed by G – guanine – linked by a phosphate group, p). This site
has a pair in the complementary strand of the DNA double helix. This makes it possible
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DNA methylation and Prenatal maternal smoking
A

3

B

Figure 1. Molecular basis of DNA methylation

to restore methylation on the newly synthesized daughter strand after DNA replication
(Figure 1A), which, in turn, allows the DNA methylation pattern to be propagated over
many cell generations. CpG-rich genomic regions are called CG islands (CGI). About
70% of human genes have a high CpG content in their promoter regions.
DNA methylation is catalysed by a group of enzymes, of which DNA methyltransferases
for hemi-methylated DNA. DNMT1 is responsible for the maintenance of methylation
during DNA replication, which is particularly important for those tissues in which active
cell division takes place throughout life. The DNMT3 family members interact with
de novo
methylation pattern at the earliest stages of development17. The ratio of methylated
and unmethylated cytosines required for normal development is maintained through a
balanced methyltransferase activity and demethylation; the process of removal of methyl
groups from DNA molecules (Figure 1B).
DNA methylation is a reversible process18
for somatic mutations, methylation is and DNA methylation marks can be removed or
added due to environmental exposures, or by epigenetic therapy. DNA methylation is
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a multiple stage process controlled by several monitoring systems. DNA demethylation
can occur through a number of processes including DNA demethylation mediated by
enzymes. In the developing human embryos, the demethylation with an intermediate
oxidation state of methylcytosine to hydroxymethylcytosine plays an important role19. The
proteins of the TET family (i.e., Ten-Eleven Translocation enzymes, whose hyperactivity
with acute myeloid leukaemia) contribute to the rapid loss of methylation in CpG islands
16

. The
methylation pattern is inherited from one cell generation to next, but cells can adjust it,
and activate certain genes in response to external factors. Abnormalities in and failures
of this stable and controlled system may lead to development of diseases. For example,
the development of cancer. On the contrary, the suppression of their activity results in an
increase in methylation level of CpG islands in gene promoters leading to a disruption of
their functioning20.
experience and environment, lifestyle and socio-emotional factors21,22, i.e. have a certain
plasticity. In a healthy human, methylation and demethylation are under strict control, and
facilitate the prompt reaction of the organism to the changing environments, including
the internal environment. Having a dynamic nature, DNA methylation is a widely used
biomarker in the research aimed to investigate the role of the environment in the
development of cancer and other diseases in the context of their molecular aetiology23–27.
DNA methylation dynamics during embryogenesis
DNA methylation changes in adults can lead to the alteration of the functioning of
individual cells and tissues. However, in a developing organism, even a short-term
and may cause irreparable damage. The severity of such damage depends on the
magnitude of epigenetic disruptions and the stage of development during which they

via several waves of the global demethylation and de novo methylation 28,29.
Before conception, DNA methylation plays a role in the formation of parental germ
cells or gametes. The DNA of primordial germ cells is considerably methylated; when
cells migrate to undifferentiated gonads, the methylation level drops. During germ cell
maturation, epigenetic information is largely erased as the DNA goes through active
demethylation. These processes differ in oogenesis and spermatogenesis, and, as a
result, the genetic information from parents is marked differently30,31.
Immediately after fertilization, the second round of epigenetic reprogramming begins,
which is accompanied by global changes in the DNA methylation and histone
pronucleus and then in the maternal pronucleus19,30,31. Methylation levels continue to drop
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until a morula formation. This process involves both active and passive demethylation
mechanisms. At the blastocyst stage, the process of remethylation starts, which provides
a blastomere differentiation into the inner cell mass (ICM) and the trophectoderm (TE).
After implantation, as a result of de novo methylation, epigenetic differences between
ICM cells and TE are established. These newly established DNA methylation patterns
are preserved during subsequent cell divisions; further differentiation of ICM cells
methylation patterns through local methylation changes. Both maternal and paternal
alleles have equal opportunities to be expressed in any cell of the offspring; for most
genes, maternal and paternal alleles are expressed equally. However, several hundred
out of approximately 25 thousand human genes are subject to genomic imprinting32 – a
which involves differential methylation of maternal and paternal alleles.
The data on DNA methylation dynamics have been predominantly provided by research
in using model organisms33,34. Altogether they indicate that there is an early development
stage when epigenetic marks are removed, followed by the establishment of de novo

disruptions of epigenetic reprogramming, including those resulting from the negative
impact of external factors, may disturb the ontogenesis program causing aberrant gene
expression, which, in turn, may lead to severe pathologies or atrophies, embryonic death
or fetal malformations19,29.
Maternal smoking during pregnancy and offspring DNA methylation
There are numerous publications and literature reviews on the effects of maternal
smoking during pregnancy35–39. In addition to an indirect impact through the deterioration
are widely known in paediatrics4. These include the effects of nicotine accumulation in
fetus is usually 15% higher than maternal levels). Nicotine exposure was associated with
adverse outcomes in every trimester of pregnancy: from spontaneous abortions during
trimester. Nicotine affects birth weight—gestational age and fetal growth rate. Both animal

monoxide in tobacco smoke forms carboxyhaemoglobin, which inhibits the release of
oxygen into fetal tissues. Together with the effect of cancerogenic xenobiotics contained
in cigarette smoke, this leads to toxication and hypoxia, affecting many systems of the
developing fetus, especially the respiratory and nervous systems4–6. Consequently, this
disrupts normal development of the child, and may lead to congenital brain defects and
malformations in other organs, and behavioural impairments manifested in crying for no
reason, sleep disturbances, and later, in aggression, and other behavior problems.
Active smoking may disrupt DNA methylation, and the prenatal period, is the most critical
51
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comparative studies showed that the genomes of blood cells in the preschool and primary
school children with a history of maternal smoking during pregnancy were characterized
40
. Moreover, a study of the
association between these changes in DNA methylation and the duration of exposure to
tobacco smoke found that the methylation signatures point to stable, rather than short-term
effect of maternal smoking during pregnancy41. It has been shown that many epigenetic
changes associated with maternal smoking have a long-term effect; they are persistent
throughout adult life and are detectable around age 40 regardless of active smoking42.
The studies of the effects of maternal smoking on offspring development utilize two
term epigenetic consequences comparing the cohorts of adults42 and (young) children40,43
with a history of in utero exposure to maternal smoking with an age-matched comparison
cohort of individuals without a history of maternal smoking during pregnancy. The second
approach is based on studying the characteristics of DNA methylation in placental and/or
cord blood cells7,9,41,44–50, and neonatal peripheral blood51, or fetal tissues. Studies based
on fetal tissues are commonly used in the research based on animal models52; when
applied to humans, such studies are based on the tissues of aborted embryos45,53–55.
It should be noted that, like research focused on the epigenetic effects of active smoking
has been barely studied. At the same time, available evidence indicates that such a
differentiated response is a reality. Thus, methylation differences for certain genes (AHRR
and CYP1A1) have been found between placental and fetal tissues48, and the overlap of
the sets of genes associated with maternal smoking in blood cells and brain tissues was
small53. Another issue is that research implementing fetal tissues is conducted on the
epigenetic system, which is extremely dynamic during the prenatal period. The timing of
fetal development is crucial because it is not known when exactly during development
stabilize, and become detectable. Thus, a study on brain tissues from embryos in the
second trimester showed that the stage (early or late) of the trimester characterized by
rapid brain development rather than maternal smoking was the main factor differentiating
individual epigenomes in the studied cohort53. In addition, the authors53 established the
effects of maternal smoking on offspring DNA methylation. The greatest effect of prenatal
exposure to nicotine was attributed to the epigenetic changes associated with slower
neuronal maturation and/or a decreasing number of mature neurons.
authors41,46 was conducted on a cohort of 1,062 newborns (Norwegian Mother and Child
Cohort Study). Having analyzed DNA methylation in cord blood cells and assessed the
impact of prenatal tobacco exposure based on circulating maternal cotinine (a nicotine

important among them were the genes involved in the xenobiotic-detoxication, namely
AHRR and CYP1A1. It is noteworthy that these two genes have been consistently
7,43,46,47,50,51

52
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The Pregnancy and Childhood Epigenetics consortium (PACE) combined data across

epigenome-wide meta-analysis using the data on whole-genome DNA methylation in
cord blood from 6,685 neonates in 13 birth cohort studies from the US and Europe with
a detailed history of maternal smoking during pregnancy49. To date, this is the most
extensive and comprehensive study of the effect of maternal smoking during pregnancy
on DNA methylation in offspring. Using the results from older children cohorts, the
researchers investigated the long-term epigenetic alterations triggered by prenatal
exposure to nicotine with a correction for the effects of postnatal second-hand tobacco
smoke exposure. They also took into account whether the pre-existing smoking history
and smoking frequency during pregnancy involved sustained or occasional smoking.
DNA methylation in offspring were a subject of the meta-analysis. To establish the
the associations between the methylation status and expression level of a number of
genes, and performed functional analysis of gene-networks involved in the response to
prenatal exposure to nicotine.
The following observations and conclusions followed from the results of this large-scale
study49.
epigenome. This study revealed over 6 thousand CpG sites across the genome, which
during pregnancy, with the AHRR gene taking a leading position with respect to the
-193
).
(2) The epigenetic alterations established in newborns are long-lasting epigenetic
changes. Thus, although an attenuation of effects was observed in older children, there
was a high concordance in the methylation statuses of the newborns and older children
(4 out of 6 thousand) of the CpGs.
(3) As expected, any exposure to maternal smoking affects the fetus. Sustained maternal
smoking, however, is characterized by a greater effect on epigenetic alterations, that, in
and development.
(4) The fact that such negative health and developmental outcomes exist is well-known,
but that they may be partly due to epigenetic alterations driven by maternal smoking
is suggested by the results of the functional analysis of the genes, whose methylation
changes as a result of prenatal exposure to tobacco smoke. Thus, these genes are
predominantly involved in the control of key developmental processes, such as
morphogenesis (or during embryogenesis), of the nervous system development, cell
growth and proliferation49.
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The epigenetic changes as one of the molecular mechanisms linking the effects of

associated phenotypes include obesity7, inadequate immune response9, and the central
nervous system developmental disorders8.
Epigenetics of smoking. Open questions and future research
Smoking-related diseases continue to be a major public health concern, and understanding
the mechanisms of the health effects of smoking is an important part of research.
Research of the past 10 years has shown that chronic exposure to tobacco smoke is an
adverse environmental stimulus that is capable of modifying DNA methylation patterns.
and, eventually, lead to impairments and diseases associated with smoking. It has been
found that the alterations in DNA-methylation driven by tobacco smoke can occur at all
stages of development: in adult life, as a result of active smoking, and during prenatal
development, as a result of maternal smoking. In adulthood, smoking affects methylation
patterns, which are already established, and are maintained throughout life and during
cell division. On the other hand, prenatal exposure to tobacco smoke happens at a time
when DNA methylation is highly dynamic, and methylation patterns evolve. As a result,
program of embryonic development.
in methylation patterns of genes involved in chemical detoxication of tobacco smoke
components (for example, AHRR and CYP1A1
methylation patterns at the global genomic level. It is also likely that the pattern of these
alterations in different cells and tissues may vary affecting different molecular cascades.
This was observed both in somatic tissues of adult smokers and in differentiating
embryonic tissues.
require further research; of those, the following two merit consideration. First, while
an association between smoking and methylation disturbances in certain genes has
been established, the epigenome-wide response to smoking, in terms of the genome
dysregulation at the level of gene systems and gene cascades, remains poorly studied.
Second, it has been shown that smoking can change DNA methylation in various tissues,
and some of these changes may vary between the tissues53,56,57. However, the majority
of studies were carried out on peripheral blood cells, which are the most accessible
biological material. Thus, the issue of differential epigenomic response to smoking in
various tissues and organs remains understudied.
Further research of the effect of smoking on the epigenome, including its impact on DNA
methylation, has a high potential to advance our understanding in mediation effects of
to understanding the molecular mechanisms of the impact of tobacco smoke on the
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body and the development of impairments and health issues associated with smoking.
Secondly, the epigenetic alterations resulting in radical changes in the phenotype are
particularly interesting because by nature they are either fully or partially reversible.
dictate the expression of a particular set of genes, essentially acting as an on/off switch.
diseases and cancers58,59. Regarding the smoking, any epigenetic drug, which could

maternal smoking in offspring have borne fruitful results. For instance, a randomized
clinical study showed that adding vitamin C to the diet of a smoking pregnant woman
helps to normalize DNA methylation in the baby, and to reduce respiratory problems in
babies, which is an established effect of maternal smoking45.
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Abstract

epigenome. This pathway has been hypothesized, but the number of empirical
studies in humans is small and mostly done in peripheral blood as the DNA source.
We performed an epigenome-wide association study (EWAS) in buccal cells
collected around age 9 (mean=9.5) from 1,006 twins recruited by the Netherlands
(median split at 10 years; n<10 = 517, mean age=7.9; n>10 = 489, mean age=11.2).
We performed replication analyses in two independent cohorts from NTR (buccal
cells) and ALSPAC (peripheral blood), and tested loci previously associated
with breastfeeding in epigenetic studies. Genome-wide DNA methylation was
the HumanMethylation450 Bead Chip in ALSPAC. The duration of breastfeeding
𝛼

-08

). In the sub-group

breastfeeding, after adjusting for child and maternal characteristics. In children
older than 10 years methylation differences at these CpGs were smaller and nonn=98; mean age=7.5
years), and no nearby sites were associated with breastfeeding in the ALSPAC study
(n=938; mean age=7.4). Of the CpG sites previously reported in the literature, three
were associated with breastfeeding in children younger than 10 years, showing
that these CpGs are associated with breastfeeding in buccal and blood cells. Our
in buccal cells in children. Further studies are needed to investigate if methylation
differences at these loci are caused by breastfeeding or by other unmeasured
confounders and what mechanism drives changes in associations with age.

Published as: Odintsova, V. V., Hagenbeek, F. A., Suderman, M., Caramaschi, D., van
Beijsterveldt, C., Kallsen, N. A., Ehli, E. A., Davies, G. E., Sukhikh, G. T., Fanos, V., Relton,
C., Bartels, M., Boomsma, D. I., van Dongen, J. (2019). DNA methylation signatures of
breastfeeding in buccal cells collected in mid-childhood. Nutrients, 11(11): 2804.
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Introduction
One mechanism that has been hypothesized to account for the association is through
“epigenetic programming” of genes, some of which may act to confer plasticity to
developmental processes1,2. Nutrition in early life may play a crucial role in modulating
gene expression3,4. It has been hypothesized that nutrition-induced epigenetic variation
may result in different development trajectories and may be associated with metabolic
and immune development during critical periods of early life5–8. Epigenetic mechanisms
are a key element in understanding the developmental origins of later life disease risk9–11.
cytosine base, usually at CpG dinucleotides, with a methyl group, which regulates gene
expression and seems to be sensitive to nutrition, already during the prenatal period12–17.
In humans, prenatal maternal famine has been associated with long-term DNA methylation
changes that are still observable in middle-aged individuals18,19. The early postnatal
period is also believed to be a critical period at which permanent long-term changes may
disease20, however, whether similar long-term changes in the human epigenome may be
term effects on children3. Human breast milk has a unique composition that differs from
in fact, breast milk contains a unique mixture of microorganisms (the microbiome)21,
metabolites22, multipotent stem cells23, growth factors24 and other components that
render it unique and individualized for each newborn25. Moreover, breast milk varies its
composition according to lactation period, circadian rhythm, and even varies from the
start till the end of one feeding26
child are widely described27–29 and may involve transmission of nutrients, hormones,
and antibodies from mother to child24,30,31. It also include the process of interaction and
attachment of a child to their mother, although the effect of bonding may also be achieved
through formula feeding32,33.
Balanced newborn feeding is the basis for adequate growth and development in childhood
and beyond25,28,34. Breast milk is important for sensory, neurological and cognitive
development35–37, especially in preterm infants38, but effects on cognition are confounded
by maternal education39. The association between breastfeeding duration and lower
risk of infectious diseases, obesity, cancer, coronary heart disease, some allergies,
syndrome at later age has been widely studied27,40–49. Even though a protective effect
of breastfeeding in hypertension, diabetes, obesity, and metabolic syndrome was not
evident in some large studies30,50
studies on the association between breastfeeding and child outcomes have used a variety
duration, which has been assessed as a continuous measure in months or weeks, or as a
categorical variable (e.g. long vs. short). Some studies have examined the percentage of
breastfed meals, exclusive breastfeeding duration (when a child is exclusively breastfed
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until formula feed and/or solid foods are introduced). In meta-analysis by Victora et al.27
breastfeeding never vs. ever was associated with a reduction in sudden infant deaths, a
children < 5 years, a higher child IQ of about 3 IQ points. More versus less breastfeeding
was associated with major protection against diarrhea morbidity, reduction in severe
respiratory infection, and effects on deciduous teeth. Exclusive breastfeeding was
associated with strong protective result against infectious disease and allergic rhinitis in
children <5 years. A dose-response association with duration of breastfeeding was found
for higher IQ and decreased risk for overweight and obesity.
Epigenome-wide association studies (EWASs) can offer new insights to DNA-environment
interactions in determining child development and health51. To our knowledge seven
association studies (2 candidate gene studies, 2 EWASs with breastfeeding as covariate
and 3 EWASs of breastfeeding) have been performed on breastfeeding and DNA
methylation in humans to date (see Supplemental Table S1). A candidate gene study of
Obermann-Borst et al. found a negative association between the duration of breastfeeding
(in categories) and methylation level in blood cells from 120 children (mean age 1.4
years) at seven CpG sites in the promoter of the LEP gene; a hormone that regulates
energy homeostasis52. A suggestive positive association of the methylation level of 2201
CpGs and a negative association of the methylation level of 2075 CpGs with the duration
of breastfeeding (continuous measure in weeks) were reported in blood samples from 37
infants (mean age 25.7 months)53. These CpGs were annotated to genes predominantly
involved in the control of cell signaling systems, the development of anatomical structures
and cells and the development and function of the immune system and the central
nervous system53. The impact of breastfeeding duration (continuous measure in months)
on DNA methylation patterns in 200 children (mean age 11.6 years) was suggested in
a study of asthma54. An EWAS of Sherwood et al on exclusive breastfeeding supported
n=297) but
not in young adulthood (18 years, n=305)55. This suggests that methylation changes
induced by breastfeeding may change with time and may be more evident at an early
age. Similarly, it has been observed that associations between DNA methylation and
maternal smoking and birthweight attenuate during childhood56,57. Nevertheless, a
long-lasting modulating effect of breastfeeding (continuous measure in weeks) on the
effects of methylation quantitative trait loci (mQTLs) for CpG sites at the 17q21 locus,
where the
(interleukin-4) gene is located, has been suggested at age 18 (n=245)58.
Not having been breastfed has been associated with an increase in methylation of the
promoter of the tumor suppressor gene CDKN2A (cyclin dependent kinase inhibitor 2A)
in premenopausal breast tumors of 639 women (mean age of 57.6 years)59. In a more
recent EWAS study, breastfeeding (dichotomized as never vs. ever) was associated with
changes in the TTC34 gene at age 7 (n=640), which were still evident in adolescence
(n=709)60. These previous epigenetic studies of breastfeeding were often conducted in
relatively small samples (average sample size=307, range [37 – 640]). In all studies, DNA
was extracted from peripheral blood52–55,58, or from tumor tissues in adults59.
We aimed to carry out an EWAS of breastfeeding in 1,006 children around 9 years of
age recruited by the Netherlands Twin Register (NTR) based on buccal cell DNA and a
replication analysis of loci previously associated with breastfeeding in aforementioned
63
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epigenetic studies. Buccal samples typically consist of a large proportion of epithelial
cells, which might serve as a surrogate tissue for other ectodermal tissues, including the
brain61,62. Buccal samples also consist of a smaller proportion of leukocytes63. To date,
few EWASs have been performed on buccal DNA. As some studies have suggested
that effects of early life exposures, including breastfeeding55–58, may fade away during
childhood, we also performed an EWAS in younger children (age < 10 years; where 10
corresponds to the median age of the sample) and compared effect sizes in this group
with effect sizes in children older than 10 years. We applied median split of the sample
by age to achieve equal sample sizes in both groups. We hypothesized that if effects
of breastfeeding attenuate with age, associations would be strongest in the younger
age group. We performed replication in an independent buccal-cells DNA methylation
dataset from the NTR (n=98) and in a blood-DNA-methylation dataset from the Avon
Longitudinal Study of Parents and Children (ALSPAC) (n=938). We also examined the
breastfeeding. We hypothesized that the equal exposure to breastfeeding of co-twins
Materials and Methods
Overview
We carried out an EWAS in NTR in 1,006 children from 496 complete pairs and 14 twins
from incomplete pairs with DNA methylation in buccal cells, testing 787,711 methylation
-08
sites (𝛼
). The EWAS analyses in different age groups were
performed following median-split of the sample by age (age < 10 years: n= 517, age
range [5-9]; age >= 10 years: n = 489, age range [10-12[). Two models were applied
with different covariates (model 1=“basic model” and model 2=”adjusted model”) (see
Supplementary Table S2
checking effects of outliers, for replication analysis in an independent sample, consisting
of 98 NTR children with DNA methylation in buccal cells and in 938 ALSPAC children
with DNA methylation in peripheral blood cells. Lastly, we performed a follow-up analysis
of the results of previous studies (3,859 CpGs) in the discovery cohort (NTR) in the total
sample (n=1,006) and the younger age group (n
provided in Figure 1.
Subjects and Samples
Discovery study
The subjects were enrolled in the Netherlands Twin register (NTR)64 a few weeks to
months after birth. Informed consent was obtained from parents. Data on breastfeeding
collected around the age of 2 years of the children and good quality DNA methylation
data around 9 years of age (mean=9.5, SD=1.89, range [5-12]) were available for 1,006
children. The dataset included 51.6% girls, and 86% monozygotic twins. This study is
embedded in a larger project on childhood aggression (ACTION)65,66. From the population
lower on a sum score for aggression67,68. The dataset included 51.6% girls, and 86%
monozygotic twins.
64
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NTR replication study
An independent group of children from the NTR for whom EPIC array methylation data
were previously described63 were included as replication study. This cohort was also
embedded in the ACTION project and comprised of 98 monozygotic twins with available
data on breastfeeding duration and DNA methylation from buccal swabs (mean age =
7.5 years, SD = 2.4, age range [1-10]). NTR studies were approved by the Central Ethics
Committee on Research Involving Human Subjects of the VU University Medical Centre,
Protections (IRB number IRB00002991 under Federal-wide Assurance-FWA00017598;
IRB/institute codes, NTR 03-180).

4
Data came from the Avon Longitudinal Study of Parents and Children (ALSPAC)69,70, a
population-based birth cohort. All pregnant women living in the geographical area of Avon
(UK) with expected delivery date between 1 April 1991 and 31 December 1992 were
invited to participate. Approximately 85% of the eligible population was enrolled, totaling
14,541 pregnant women who gave informed and written consent. The study website
contains details of all the data that is available through a fully searchable data dictionary
and variable search tool (http://www.bris.ac.uk/alspac/researchers/data-access/datadictionary/). Ethical approval for the study was obtained from the ALSPAC Ethics and
Law Committee and the Local Research Ethics Committees. Of these, 938 children had
information on breastfeeding duration and DNA methylation from peripheral blood cells
age range [7.1-8.8]) within the ARIES project71.
Phenotype data
In the NTR, breastfeeding was assessed in a questionnaire sent to mothers 2 years after

on exclusive and mixed breastfeeding was available. Duration of breastfeeding was used
in secondary analysis, based on the 6 categories from the original questionnaire coded
from 0 (no) to 5 (more than 6 months). Socio-economic status (SES) was determined in two
ways (depending on the version of the survey): 1) SES was obtained from a full description
of the occupation of the parents, and was subsequently coded according to the Standard
72
73
,
combined with information on parental education. Self-reported maternal pre-pregnancy
weight just before pregnancy (in kilograms) divided by the square of height (in meters) was
2
used to obtain maternal pre-pregnancy body mass index BMI
). Maternal
smoking during pregnancy was reported by mothers for three trimesters of pregnancy
and was coded as non-smoking if the mother did not smoke during the entire pregnancy
and smoking if the mother smoked at least during one trimester74. Mode of conception
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Figure 1. Flowchart of analyses
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conceived via in vitro fertilization (IVF) or intracytoplasmic sperm injection (ICSI)75. Mode
of delivery was assessed as vaginal delivery, caesarean section (planned and urgent), and
vaginal delivery with urgent intervention with forceps or vacuum extraction. Apgar scores at
1st and 5th minute were presented in 3 conventional categories 0-6 (low), 7-9 (intermediate),
10 (high)76. Gestational age, birthweight, parental age at birth were categorized in groups
for descriptive statistics and treated as continuous z-scores in the analyses.

Breastfeeding was assessed via a questionnaire sent to mothers when the study children
on sample characteristics and covariates was obtained by questionnaires completed by
the mother during pregnancy and from medical birth records. Socio-economic status
of secondary education or not, vocational, O-level, A-level, university degree). Maternal
characteristics included age at birth, pre-pregnancy height and weight, and smoking
during pregnancy (any or none). Gestational characteristics included caesarean delivery,
gestational age and birthweight.
DNA sample collection
NTR (discovery and replication study)
DNA samples were collected from buccal swabs, as described previously77. In short,
16 cotton mouth swabs were individually rubbed against the inside of the cheek on 2
days (morning and evening) and placed in four separate 15 mL conical tubes containing
0.5 ml STE buffer (100 mM sodium chloride, 10 mM Tris hydrochloride (pH 8.0) and
10 mM ethylenediaminetetraacetic acid) with proteinase K (0.1 mg/mL) and sodium
dodecyl sulfate (SDS) (0.5%) per swab. Individuals were asked to refrain from eating or
drinking 1 hour prior to sampling. High molecular weight genomic DNA was extracted by

Accessible Resource for Integrated Epigenomics Studies (ARIES)71, a subsample of
approximately 1000 mother-child pairs from the ALSPAC study.
DNA-methylation measurements
NTR discovery study
MethylationEPIC BeadChip (Illumina, San Diego, CA, USA) 78 by the Human Genotyping
facility (HugeF) of ErasmusMC, the Netherlands (http://www.glimdna.org/). 500 ng of
Methylation kit (Zymo Research Corp, Irvine, CA, USA). Quality control of the methylation
data are described in detail elsewhere. In brief, quality control (QC) and normalization of
67
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the methylation data were performed using a pipeline developed by the Biobank-based
Integrative Omics Study (BIOS) consortium79, which includes sample quality control
using the R package MethylAid80
implemented in the R package DNAmArray. We previously successfully applied this
pipeline in a pilot study of EPIC array data from buccal samples63, which is used as
replication sample in the current paper. MethylAid was applied with the default EPIC array81
was used
to call genotypes based on methylation probes and to verify sample relationships based
on those Single Nucleotide Polymorphisms (SNPs) (e.g. zygosity of twins and samples
from the same individual). We checked for sample mismatches between methylation
data and genotype data by computing the correlation between SNP genotypes called by
omicsPrint based on methylation probes and genotypes based on genome-wide SNP
82
were used to identify sex mismatches (both packages

if they had an intensity value of exactly zero, detection P-value > 0.01, or bead count < 3.
Probes were excluded from all samples if they mapped to multiple locations in the genome,
if they overlapped with a SNP or Insertion/Deletion (INDEL), or if they had a success rate
< 0.95 across samples. Annotations of ambiguous mapping probes (based on an overlap
of at least 47 bases per probe) and probes where genetic variants (SNPs or INDELS) with
a minor allele frequency > 0.01 in Europeans overlap with the targeted CpG or single base
extension site (SBE) were obtained from Pidsley et al.83
rate of probes for each sample was checked: all samples had a success rate above 0.95
after removal of low-performing samples detected by MethylAid. Only autosomal methylation
sites were analyzed, leaving 787,711 out of 865,859 sites for analysis.
NTR replication study
MethylationEPIC BeadChip (Illumina, San Diego, CA, USA)84 by the Avera Institute
for Human Genetics. Quality control, processing and normalization of the data were
performed with the same pipeline as for the NTR discovery cohort and has been described
in detail previously63.

DNA methylation wet laboratory procedures, preprocessing analyses, and quality control were
performed at the University of Bristol as previously described71. DNA methylation outliers were
quartiles. Outliers were replaced with missing values.
Cellular proportions
NTR discovery and replication study
Cellular proportions were predicted with Hierarchical Epigenetic Dissection of IntraSample-Heterogeneity (HepiDISH) with the RPC method (reduced partial correlation),
68
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as described by Zheng et al.85 and implemented in the R package EpiDISH. HepiDISH

leukocyte subtypes. This was applied to the data after data QC and normalization.

algorithm86 and included in statistical models to adjust for cell count heterogeneity.
Data analyses

4

Associations between breastfeeding and pre- and perinatal factors
The association between covariates and breastfeeding was tested in the discovery cohort
using a generalized estimating equations (GEE) model accounting for the correlation
structure within families. Six breastfeeding duration categories were included as the
continuous outcome variable. Predictors consisted of variables previously described
as covariates in EWASs of maternal smoking and birth weight56,57, i.e. parental SES,
maternal smoking during pregnancy (yes/no), gestational age (z-scores), maternal
age at birth (z-score), maternal pre-pregnancy BMI (z-scores), cell counts of epithelial
Supplemental Table S3). This analysis was performed in SPSS version 25.

EWAS
Discovery study
The association between DNA methylation level and breastfeeding was tested using a
generalized estimating equations (GEE) model accounting for the correlation structure
within families with DNA methylation -value as the outcome variable (see Supplemental
Table S2

for the correlation structure within families. To examine and adjust (where applicable) for
87

with the following predictors: breastfeeding, sex, age at sample collection, percentages
dummy coding). For the primary EWAS, the breastfeeding outcome was dichotomized

age). These covariates were selected on the base of adjustments done in recent metaanalyses of maternal smoking and birthweight56,57. We also considered effects of duration
of breastfeeding by evaluating the same model with the original six categories (notbreastfed; <2 weeks; 2-6 weeks; 6 weeks – 3 months; > 6 months). Thirdly, we repeated
the EWAS in children younger than 10 years and older than 10 years. To this end, we
69
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TABLE 1.
Early life characteristics and breastfeeding in the NTR discovery sample (n=1,006)
Breastfeeding Never
(n=265)

Breastfeeding
Ever (n=741)

Total

N

%

N

%

N

%

male
female

138
127

52.1%
47.9%

349
392

47.1%
52.9%

487
519

48.4%
51.6%

Monozygotic (MZ)
Dizygotic (DZ)
Chorionicity
MCMA
MCDA
DCDA
Gestational age (weeks)
Mean (SD)
<=32
33-36
>=37

226
39

85.3%
14.7%

613
128

82.7%
17.3%

839
167

83.4%
16.6%

4
61
50

3.5%
53.0%
43.5%

21
144
121

7.3%
50.3%
42.3%

25
205
171

6.2%
51.1%
42.6%

36.2
12
128
109

(22.2)
4.8%
51.4%
43.8%

35.8
61
359
306

(25.9)
8.4%
49.4%
42.1%

35.9
73
487
415

(25.1)
7.5%
49.9%
42.6%

Mean (SD)
19-29
30-39
>40

31.9
76
175
11

(4.5)
29.0%
66.8%
4.2%

31.2
288
435
15

(4.2)
39.0%
58.9%
2.0%

31.4
364
610
26

(4.3)
36.4%
61.0%
2.6%

Mean (SD)
<25
25-29
30-39
>40

24.3
149
70
24
0

(4.0)
61.3%
28.8%
9.9%
0.0%

24.2
470
169
65
7

(4.11)
66.1%
23.8%
9.1%
1.0%

24.2
619
239
89
7

(4.1)
64.9%
25.1%
9.3%
0.7%

33.2
53
163
25

(4.4)
22.0%
67.6%
10.4%

33.9
146
482
90

(5.4)
20.3%
67.1%
12.5%

33.7
199
645
115

(5.2)
20.8%
67.3%
12.0%

227
4
14

92.7%
1.6%
5.7%

623
26
71

86.5%
3.6%
9.9%

850
30
85

88.1%
3.1%
8.8%

205
33

86.1%
13.9%

631
48

92.9%
7.1%

836
81

91.2%
8.8%

0

0.0%

8

1.2%

8

0.9%

30

11.9%

41

6.1%

71

7.6%

99
89
34

39.3%
35.3%
13.5%

203
234
191

30.0%
34.6%
28.2%

302
323
225

32.5%
34.8%
24.2%

Sex

Zygosity

Mean (SD)
20-29
30-39
>40
Mode of conception
naturally
stimulated
IVF/ICSI
Maternal smoking
no smoking
smoking
Parental SES
low skill level
lower secondary
educational level
upper secondary
education level
higher vocational
level
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Table 1 (continued)
Breastfeeding Never
(n=265)

Mode of delivery
vaginal
caesarean planned
urgent intervention
(forceps, vacuum
extraction)
urgent caesarean
section
Birth weight
Mean (SD)
<1500
1500-2500
>2500
Apgar score at 1st minute
0-6
7-9
10
Apgar score at 5th minute
0-6
7-9
10
Breastfeeding duration
no
less than 2 weeks
2 to 6 weeks
6 weeks to 3 months
3 to 6 months
more than 6 months

Breastfeeding
Ever (n=741)

Total

N

%

N

%

N

%

141
43

56.6%
17.3%

416
97

57.1%
13.3%

557
140

57.0%
14.3%

20

8.0%

75

10.3%

95

9.7%

45

18.1%

140

19.2%

185

18.9%

2435.7
8
123
116

(444.8)
3.2%
49.8%
47.0%

2394.6
52
338
338

(558)
7.1%
46.4%
46.4%

2405
60
461
454

(531.7)
6.2%
47.3%
46.6%

17
103
18

12.3%
74.6%
13.0%

48
290
36

12.8%
77.5%
9.6%

65
393
54

12.7%
76.8%
10.5%

1
41
90

0.8%
31.1%
68.2%

14
130
214

3.9%
36.3%
59.8%

15
171
304

3.1%
34.9%
62.0%

265

100.0%

0
75
189
181
148
148

10.1%
25.5%
24.4%
20.0%
20.0%

265
75
189
181
148
148

26.3%
7.5%
18.8%
18.0%
14.7%
14.7%

Note: Descriptive statistics of children included in the study. MCMA=monochorionic monoamniotic,
MCDA=monochorionic diamniotic, DCDA=dichorionic diamniotic, SD=standard deviation, BMI=body mass index,
IVF=in vitro fertilization. ICSI=intracytoplasmic sperm injection, SES=socio-economic status.

split up the sample into two groups (median age split) to have two equally-sized groups:
children younger than 10 years, and children older than 10 years. Epigenome-wide
sites tested (𝛼

-08

).

outliers. As a sensitivity analysis, we repeated the association analysis in the discovery
88
, in which
an outlier is any value greater than the upper quartile plus three-times the interquartile
range or lower than the lower quartile minus three-times the interquartile ranges.
Twin correlations
The correlation between DNA methylation levels of MZ and DZ twins was computed for
71
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methylation beta-values were adjusted for the set of covariates as included in the basic
EWAS model with a linear model and residuals were saved. Next, the MZ and DZ twin
correlations were computed on the residuals.
Replication
selected for replication. The basic and adjusted models were applied as in the discovery
sample: in NTR the GEE model had the same covariates; in ALSPAC, cell count estimates
for peripheral blood were included instead of epithelium cells count; the sex, age of the
child at blood collection around age 7 and the same covariates from the adjusted model
2 were included; no siblings were included. In ALSPAC, DNA methylation variation due
to technical artefacts or unknown confounders were handled by including 20 surrogate
89
and
90
associations were tested with linear models implemented by the limma package .
Methylation data annotation
associated with breastfeeding, we looked them up in the EWAS atlas (https://bigd.big.
ac.cn/ewas/tools; access October 3 201991) and EWAS catalog (http://www.ewascatalog.
org; access October 3 2019). To analyse the possible function of CpGs, we searched
for overlaps with mQTLs in a study that analysed EPIC array data from 102 buccal
samples63, to identify the associated SNPs and looked up these SNPs and genes in the
GWAS catalog (https://www.ebi.ac.uk/gwas/; access October 4 2019).

The follow-up analyses were done for CpGs previously associated with breastfeeding in
EWAS or candidate gene studies. It included all CpGs on the EPIC array that are annotated
to the genes LEP (nCpGs=23)52–55,58,
(nCpGs=37)58, CDKN2A (nCpGs=32)59, 1 CpG
92
from the study of Hartwig et al. , and 4,297 suggestive CpGs from the study of Naumova
et al.53. In total, this resulted in a list of 4,370 CpGs, of which 3,859 CpGs were present
(after QC) in our data. For these CpGs, we performed a look-up analysis in the total
sample (n =1,006) and in the subsample younger than10 years (n=517) of the discovery
CpGs tested (𝛼

-05

).

Results
Descriptive statistics
Descriptive statistics are presented in Table 1. The total discovery sample consisted
of 1,006 children (mean age 9.5, SD=1.89); 73.7% of the children were breastfed with
different duration, and 26.3% never received breastfeeding. Most of the children were
breastfed at least one month: 189 (25.5%) were breastfed for 2 weeks to 1.5 months,
181 (24.4%) were breastfed for 1.5-3 months, 148 (20%) were breastfed for 2-6 months,
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and 148 (20%) were breastfed more than 6 months. The subsample of children younger
than 10 years old included 517 twins (mean age 7.9, SD=1.1) (see Supplemental
Table S4) and the group older than 10 years included 489 twins (mean age=11.16,
SD=0.72) (see Supplemental Table S5). The majority of twin pairs was concordant for
breastfeeding (99.4%). Among the discordant twin pairs were 3 pairs of which one twin
was not breastfed while co-twin received breastfeeding, and 3 pairs of which the co-twins
experienced different durations of breastfeeding.
economic status ( =0.353, SE=0.09, p=0.0004) and inversely associated with maternal
smoking ( =-0.733, SE=0.32, p=0.02) and gestational age ( =-0.194, SE=0.09, p=0.03)
(see Supplemental Table S3
maternal pre-pregnancy BMI ( =-0.117, SE=0.75, p=0.119), maternal age at delivery
( =-0.016, SE=0.09 p=0.86), and cell composition of buccal swabs ( =1.27, SE=1.2,
p=0.25 for count of epithelial cells, and =14.78, SE=9.8, p=0.13 for count of natural
killer cells).

First, genome-wide DNA-methylation analyses were performed to test the association
between breastfeeding (never/ever) and DNA-methylation level, while adjusting for
sex, age at DNA sample collection, estimated proportion of epithelial cells, estimated
Supplemental Table S8).
Supplemental Figure
S1). DNA methylation was also not associated with duration of breastfeeding (see
Supplemental Table S9).
Supplemental Table S10): cg25178826 ( =-12
0.026, SE=0.003, p
PRLR (prolactin receptor)
-08
gene, cg12087956 ( =-0.03, SE=0.005, p
) in the gene body of CDAN1 (codanin
-08
1), cg24192772 ( =-0.024, SE=0.004, p
) in the gene body of FOXK2 (forkhead
-08
box K2), and cg10142656 ( =-0.02, SE=0.004, p
) is mapped to the transcription
start site (TSS1500) of TRMT10B (tRNA methyltransferase 10B). These four CpGs were
not strongly associated with breastfeeding duration (see Supplemental Table S11). Plots of
the methylation values for these 4 CpGs revealed several extreme methylation values in the
data (see Supplemental Figure S2, Supplemental Table S10), and the association with
breastfeeding disappeared after outlier removal (cg25178826 =-0.00006, SE=0.001, p=0.98;
cg12087956 =.00004, SE=0.0009, p=0.5; cg24192772 =0.0009, SE=0.001, p=0.15;
cg10142656 =.0001, SE=0.0008, p=0.13).
Next, we performed EWASs with adjustment for SES, maternal age at delivery, maternal
pre-pregnancy BMI, maternal prenatal smoking, and gestational age (model 2). One CpG
-09
=-0.007, SE=0.001, p
) (see
Figure 2a, Table 2, Supplemental Table S12
children younger than 10 years (see Table 2, Supplementary Table S14). The Manhattan
plot for the EWAS in children younger than 10 years showed a peak on chromosome 21,
73
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(b)

(c)

(d)

Figure 2. QQ plots: (a) in the total sample; (b) in the subsample of children younger than 10 years old; (c) in the subsample of children older than
10 years old; (d)
Covariates included sex, age, SES, maternal age at delivery, maternal pre-pregnancy BMI, maternal prenatal smoking, gestational age, EPIC array row and
-08
). Given CpG names indicate
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TABLE 2.
Discovery study without outliers

Discovery study
cgID

chromosome

position

gene

gene region

Estimate

SE

P value

Estimate

SE

P value

Basic model (1). Sub-sample <10 years (n=517)
-0.026

0.004

-12

-05

0.001

0.98

Body

-0.031

0.005

-08

-05

0.001

0.50

FOXK2

Body

-0.024

0.004

-08

-04

0.001

0.15

TRMT10B

TSS1500

-0.019

0.004

-08

-05

0,0007

0.14

cg25178826

chr5

35165447

PRLR

cg12087956

chr15

43022167

CDAN1

cg24192772

chr17

80536920

cg10142656

chr9

37753047

Adjusted model (2). Discovery sample (n = 1,006)
cg22491379

chr2

120553625

-09

-0.005

0.001

0.034

-26

-0.003

0.001

0.01

0.249

0.032

-14

0.006

0.014

0.65

-0.300

0.054

-08

-0.001

0.001

0.21

-0.007

PTPN4

0.001

-03

Adjusted model (2). Sub-sample <10 years (n=517)
cg03463465

chr6

0.360

164143581

chr17

5019840

ZNF232

cg20820810

chr11

71850130

FOLR3

cg16279140

chr14

103981749

-0.411

0.052

-15

no outliers

cg05823759

chr7

149646627

0.205

0.032

-10

no outliers

cg27284194

chr4

1044797

0.638

0.107

-09

no outliers

0.040

-08

no outliers

cg03995300

chr17

5019989

ZNF232

Body

0.229

Note: 𝛼
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(see Figure 2d).
Genome-wide EWAS test statistics from the analyses of model 2 (in the total sample and
Figure 2a, 2b). For four
(see Supplemental Figures S4-5). The four CpGs that were unaffected by outliers were
selected for replication analysis (see Supplemental Figure S6): cg16279140 ( =-0.4,
-15
-10
SE=0.05, p
), cg05823759 ( =0.2, SE=0.032, p
), cg27284194( =0.64,
-09
-08
SE=0.12, p
), cg03995300 ( =0.23, SE=0.04, p
) (see Supplemental
Table 14
We next examined the association with breastfeeding in children older than 10 (model
=1.11). After

10 years, had smaller effects and 3 CpGs showed inverse directions of effect in children
older than 10: cg16279140 ( =.04, SE=0.02, p=0.04), cg05823759 ( =-.002, SE=.02
p=.92), cg27284194 ( =0.18, SE=0.06, p=0.002), and cg03995300 ( =-0.003, SE=0.02,
p=0.89) (see Supplemental Table S16). The quantile-quantile plots (see Figure 2b and
2c) suggested a stronger association signal for breastfeeding in children younger than
10 years than in an older group. We computed the correlations between the regression
100 CpGs from each age group. These correlations were weak (r=0.255, p=0.10 for
the top 100 CpG from the EWAS in children < 10 years and from the EWAS in children
different in children younger than 10 years and older than 10 years.
assume that equal exposure to breastfeeding should cause similarity in methylation level
of twins. Correlations of methylation levels of all four sites were very high in MZ twins,
and almost twice as high as in DZ twins: cg16279140 rMZ=.906, rDZ=.505, cg05823759
rMZ=.953, rDZ=.609, cg27284194 rMZ=.972, rDZ=.462, and cg03995300 rMZ = .902, rDZ=.453.
CpGs, as previously shown by other studies of DNA methylation heritability.

Both replication datasets were comparable to the discovery subsample of children
younger than 10 years old (see Supplementary Tables S4, S6, S7). As expected, the
singleton children (ALSPAC) had higher gestational age (~39 weeks vs ~35.7), higher
birthweight (~3500g vs ~2400g) and lower proportion of caesarean deliveries (~9% vs
from the adjusted model 2 of the discovery analysis with the same set of covariates
(see Table 3).
In NTR replication cohort, for one CpG, the direction of effect changed (cg03995300,
ZNF232, =-0.050, SE=.033, p=0.013), three other CpGs had the same direction of effect
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TABLE 3.
in repli-cation
Direction
of effect in
discovery
study <10 years

Estimate

SE

P valuea

cg16279140

-

-0.0326

0.0412

0.43

cg05823759

+

0.0329

0.0332

cg27284194

+

0.0668

cg03995300

+

-0.0502

cgID

NTR replication study (n=98)

ALSPAC replication study
(n=938)
Estimate

SE

P value

NA

NA

NA

0.32

NA

NA

NA

0.0542

0.21

0.0047

0.016

0.77

0.0334

0.13

0.0140

0.011

0.19

4

Note: Adjusted model (2) is used. 𝛼=0.05/4=0.01. NA=not available on 450k platform.

=-0.03, SE=0.04, p=0.43), cg05823759 ( =0.03,
SE=.033, p=0.32), cg27284194 ( =0.07, SE=0.054, p=0.21) (see Table 3).
In ALSPAC, the most important difference to note were the different tissues used for
HumanMethylation450 Beadchip). Because of the platform difference, roughly half of
ALSPAC. In the adjusted model 2, two of the four most strongly associated CpG sites
were not included on the ALSPAC platform (cg16279140 and cg05823759) nor were
any other sites within 1000bp of these sites. The other two sites, cg27284194 and
cg03995300, were included, but neither association was replicated (p > 0.19 and p >
0.77, respectively) in the adjusted model (see Table 3). An overall lack of replication

R=0.13 with
p=0.2 for the adjusted model).

Of the 3,858 CpGs from previous literature (see Supplemental Tables S17, S18), four
-05
, see Table 4).
in the

(mucin like 1) gene ( =0.027, SE=0.005, p

-07

). Three sites were
=0.009, SE=0.002,
-06
-06
p
) and cg11287055 ( =0.056, SE=0.01, p
) located on chromosome
21 in the VPS26C (endosomal protein sorting factor C; previous name
) gene,
-05
and cg26479305 ( =0.338, SE=0.07, p
) located on chromosome 12 in the
ATG101 (autophagy related 101, previous name C12orf44) gene. All these CpGs were
previously reported in the association study by Naumova et al.53 carried out in infants
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TABLE 4.
Replication of CpGs from previous literature
cgID

chromosome

position

gene

gene region

Estimate

SE

Total sample (n=1,006)
cg16387046

chr12

55248207

TSS200

P value
0.027

0.005

-07

Sub-sample <10 (n=517)
cg11287055

chr21

38630234

Body

0.056

0.012

-06

cg16704958

chr21

38630728

Body

0.009

0.002

-06

cg26479305

chr12

52470979

0.338

0.077

-05

Note: 𝛼

-05

ATG10
(C12orf44)

. The table shows all CpGs that were previously reported to be associated with

blood with Illumina EPIC BeadChip. The direction of association was positive for all four
58
CpGs in both studies. CpGs located in/nearby LEP52,55,
and CDKN2A59, previously
our study.
Methylation data annotation
associations with nearby genetic variants (mQTLs) in the results from a previously
published mQTL study of buccal-derived DNA in monozygotic twins63. Four CpGs
were associated with mQTLs (cg27284194, associated with SNPs on chromosome 4:
927973-1039876; cg16279140, associated with SNPs on chromosome 14: 103823243104186876; cg16387046, associated with SNPs on chromosome 12: 5483051854896008; cg26479305, associated with SNPs on chromosome: 12: 52492131), and for
were found.
Next, we compared our results against all previously associated traits in EWASs (EWAS
atlas and EWAS catalog) and GWASs (GWAS catalog). One CpG (cg03995300) is mapped
to ZNF232 and was previously associated with prenatal maternal smoking, sex, and
ancestry56,93,94. The ZNF232
disease in a GWA meta-analysis95. The intergenic CpG on chromosome 4 (cg27284194)
has been previously associated with infertility96,97. In GWAS, the region 4:927973-1039876
(harbouring mQTLs for cg27284194) has been associated with a number of traits and
diseases, including bone mineral density98–102 and several metabolomic characteristics
such as blood protein103,104 and triglyceride105 levels (See Supplemental Table S19). The
intergenic CpG on chromosome 14 (cg16279140) did not appear in previous EWASs. In
GWASs, SNPs on chromosome 14: 103823243-104186876 have been linked to amino
acids levels as biomarkers of metabolic disorders106 and other blood metabolites107, and
some disease and addictions including multisite chronic pain108, metabolite changes
in chronic kidney disease109, bipolar disorder110, alcohol consumption111 and risk-taking
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behavior110 (See Supplemental Table S19). The intergenic CpG on chromosome 7,
mQTLs.
Four CpGs that were replicated from previous studies on breastfeeding exposure, have
been reported in association with other traits and diseases. The ATG10 (C12orf44)
gene, where cg26479305 is located, has been related to autophagy pathway and
cellular senescence in EWAS112
cytokines and growth factors)113, hematological traits in GWASs114, and prenatal arsenic
exposure114.
CpGs (cg11287055, cg16704958) mapped to the
have not been
reported in other EWASs.
is a component of the retriever complex, which plays
role in cell surface processes such as cell migration, cell adhesion, nutrient supply and
cell signaling115.

Discussion
We aimed to study DNA methylation in buccal cells in mid-childhood in association with
breastfeeding as an exposure. Associations were tested in the total sample and in groups
can be attenuated with age as this has been observed for other exposures in peripheral
blood, including maternal smoking56, birthweight57 and breastfeeding55.
sample (1,006 children, age 5-12) but did observe associations in the younger age group
(before 10 years) that did not appear in the group of children of 10-12 years old. This
suggests that epigenetic alterations in certain genomic regions might be associated with
nutritional differences in the early postnatal life that tend to fade across childhood. However,
since the CpGs were not replicated in the small buccal-cells replication NTR dataset and in
the large blood-cells replication dataset from ALSPAC, further studies are required to follow
effect of breastfeeding on methylation, and whether these methylation differences might
The observation that associations between breastfeeding and methylation at some CpGs
are age-dependent may be explained by age-related changes in DNA methylation that
have been reported in several studies116,117, including children in the age range of our
study118–122. Similarly, Sherwood et al.55 observed that breastfeeding is associated with
DNA methylation of the LEP gene at age 10 but not at age 18. Previous studies have
life stages, even in adulthood. DNA methylation signatures in many genomic regions
hunger winter at the time of conception and many of these sites were related to growth,
developmental processes and metabolism18,19. It is unclear if effects of early life postnatal
exposures can have similar long-term effects as prenatal exposures in humans, as most
79
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or have not examined long-term effects. None of the genes reported in studies of
19
18
prenatal malnutrition
, LEP123)
were present among the top CpGs associated with breastfeeding in our study. Several
explanations can be proposed. First, postnatal nutrition and prenatal nutrition exposures
induced by early nutrition exposure can be different across tissues examined (buccal
cells in our study versus peripheral blood in previous famine studies). Third, the prenatal
famine study examined effects of an extreme exposure.
The presence of associations with breastfeeding initiation (breastfeeding never vs ever),
depends on the exposure to breast milk rather than its duration. This could potentially
occur only when the individual is exposed in certain sensitive life periods118
of stronger epigenetic associations with breastfeeding ever vs. never than with duration
of breastfeeding is also in line with studies providing evidence that any breastfeeding has
stronger biological effects than the duration of breastfeeding, for instance the impact of
for small for gestational age and low-birthweight infants22,24.
We observed associations at a total of eight CpG sites: cg16279140, chromosome
14, intergenic; cg05823759, chr7, intergenic; cg27284194, chromosome 4, intergenic;
cg03995300, chromosome 17, ZNF232; cg16387046, chromosome 12,
cg11287055, chromosome 21,
cg16704958, chromosome 21,
cg26479305, chromosome 12, ATG10 (C12orf44). Methylation
as breastfeeding, and by genetic variation, although an alternative interpretation could
be that the genomic regions of these CpGs affect breastfeeding function. Unfortunately,
no GWAS on breastfeeding is available to verify this suggestion. It remains to be
examined whether methylation differences induced by breastfeeding have an effect on
the aforementioned traits. Interestingly, associations with breastfeeding were reported
previously in epidemiological studies for bone mineral content and bone mineral
125
density124
; outcomes that have been associated with SNPs in
the regions detected in our study as differentially methylated between breastfed and nonbreastfed children. It remains to be examined whether methylation differences induced
by breastfeeding have an effect on these traits.
Since the role of nutrition is systemic, it is assumed that biomarkers must be present
in different tissues. To study epigenetic mechanisms of breastfeeding, previous studies
have examined DNA from peripheral blood52–55,58 and also from tumor tissue59. Buccal
epithelium is of interest because it offers a non-invasive way of biosample collection
for epigenetic analysis. A number of studies have demonstrated the potential of buccal
cells to study DNA methylation126. We previously showed that although there is some
correlation between DNA methylation in buccal and blood cells (n=22, age=18 years), it
is low for most CpGs interrogated by the Illumina 450k array127. The methylation levels
of two of the CpG sites that were included in the ALSPAC replication study are highly
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correlated in buccal and blood cells: cg27284194 (r=.864) and cg03995300 (r=.782). In
spite of this, the associations with breastfeeding observed in NTR were not replicated
in ALSPAC. We observed some overlap with the study of Naumova et al.53 in peripheral
blood that used the EPIC array, and these sites had medium correlations between
DNA methylation in buccal and blood cells (cg16387046 r=0.690, cg11287055 r=0.413,
cg16704958 r=0.328).
We observed that breastfeeding-associated CpGs show strong correlations in MZ twins,
and larger correlations in MZ twins compared to DZ twins. As the large majority of twin
pairs in our study were almost always concordant for breastfeeding, it is expected that
twins of both types show resemblance for DNA methylation levels at these sites. The
larger correlation in MZ compared to DZ twins in our study suggests that these sites are
are associated with mQTLs. It should be noted that breastfeeding and lactation itself are
heritable traits. In previous twin studies the heritability of initiation of breastfeeding ranged
from 49%128 to 70%129
factors. In our study, almost all early environmental factors of interest were shared by
twins: SES, maternal age at birth, maternal pre-pregnancy BMI, maternal smoking during
pregnancy and gestational age.
further epigenetic studies of breastfeeding. The CpG cg22491379, located in the PTPN4
on chromosome 2, was discovered in total sample of children of 5–12 years old and
-03
p
). PTPN4 was listed in
suggestive regions associated with breast morphology (breast size)130. Some top CpGs in
the discovery study (non-adjusted model) are associated with genes that are involved in
growth and metabolism. The PRLR (prolactin receptor) gene, located on chromosome 5,
is involved in prolactin receptor activity and growth hormone receptor signalling pathway.
Growth hormone binds to the prolactin receptor, this being the basis of induction of lactation
by growth hormone131. The FOXK2 gene, located on chromosome 17, is a member
of forkhead box transcription factors and is involved in glucose metabolism, aerobic
glycolysis and autophagy132, playing a role in metabolic reprogramming towards aerobic
glycolysis133. It was associated lean body mass134 and found to be hypomethylated in
135
. We observed a cluster of associations
The
gene is located on chromosome 21 and, as mentioned earlier,
contains two CpGs previously associated with breastfeeding in blood53.
The strengths of our study include the use of the buccal epithelium methylome to investigate
including data from another tissue (blood). Furthermore, our exposure, breastfeeding,
was assessed very shortly after it occurred, reducing the risk of measurement error and
recall bias. Both the discovery and replication samples have been thoroughly phenotyped
study were not replicated in the cohort of children with buccal cell DNA methylation of
the same age, possibly due to the small size of this cohort (98 monozygotic twins).
Second, the discovery sample was included in a study of aggressive behavior, and not
81
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primarily examined for the purposes of research on breastfeeding. Third, we did not
have longitudinal DNA methylation data to measure the stability of effects; however, we
Fourth, there are currently no datasets available on gene expression in buccal cells,
thus we could not examine relationships between DNA methylation and transcription. A
strength of the current analysis is that it used the Illumina EPIC array, which has much
discovery EWAS were all novel EPIC probes. Replication analysis in ALSPAC on DNA
methylation data from peripheral blood, however, used the 450k array, and therefore did
in cohorts with buccal epithelium and other tissues to improve our understanding of
breastfeeding-associated methylation changes in different tissues, and the possible

nutrition, lifestyle, level of stress, and attachment to the child24,25,136–139. Future epigenetic
studies of breastfeeding could stratify the breastfeeding sample on the basis of criteria of

combined breastfeeding, the prenatal characteristics and methylation data. In the future,
results from studies that will integrate epigenomic data with genomics, transcriptomics,
and metabolomics may be used to develop prediction models of long-term outcomes
in child development and health. Understanding of the mechanisms associated with
risk of chronic disease by supporting breastfeeding or optimizing infant nutrition when
breastfeeding is not possible.

Conclusions
factor may be associated with epigenetic variation in buccal cells in children. The
needed to investigate if the DNA methylation signatures are caused by breastfeeding
or by other unmeasured confounders (including genetic predisposition to give or receive
percentage of breastfed meals, exclusive breastfeeding duration, breastmilk composition
etc. and what age-related mechanisms drive changes in the association between
breastfeeding and methylation.
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Abstract
In singletons a range of early life characteristics is associated with handedness, but
several associations remain disputed, which in part may be due to the inclusion or
exclusion of mixed-handed individuals. We carried out a literature review of large
association studies of handedness with early life characteristics and examined
associations between 23 early life characteristics and handedness at 5 years in
versus left-handed (N=36,997), right- versus mixed-handed (N=31,923), and righthanded versus all others (N=37,495). Our main aim was to test if the associations
with sex, birth weight, gestational age, and season of birth, as established in
chorionicity, birth order, and intertwin delivery time. Sex and gestational age were

Left-handedness was associated with breastfeeding. Mixed-handedness was
associated with neurodevelopmental delay and higher externalizing problems later
in childhood. Other previously reported associations with handedness were not

Published as: Odintsova V., Dolan CV, Beijstervaldt T., Ligthart L., Willemsen G., de Geus
E.J.C., van Dongen J., Boomsma DI. (2022) Handedness and 23 early life characteristics: a
review and a study in 37,495 Dutch twins. Laterality (in revision).
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Introduction
Handedness refers to the preference or use of one hand over the other hand and may
be observed on ultrasound scans already early in prenatal life1–3. The prevalence of
right-handedness is around 90% in nearly all human populations, with the remaining
proportion of individuals being left- or mixed-handed, which is also referred to non-righthandedness.
Etiological hypotheses of handedness consider genetic and epigenetic explanations,
4
analyzed
handedness data from 54,270 twins and their non-twin siblings in 25,732 Australian
and Dutch families. The study revealed no differences between twins and their nontwin siblings, no evidence of prenatal hormone transfer in twin pairs of opposite sex, of
groups. After correction for year of birth, birthweight, and sex, heritability accounted for
around 24% of the variance in handedness, with the remainder accounted for by non5,6
. According to
5
6
, a person becomes
either left-handed, mixed-handed, or right-handed by chance due to a random shift away
from strong right-handedness towards weak right-handedness (mixed-handedness) or
McManus7 predicted that “few environmental factors accounting for more than a percent
or two of variance in handedness” will be found. A recent epigenetic study found that
epigenetic mechanisms are involved in handedness and reported two DNA regions with
differential DNA methylation associated with left-handedness, but the variance explained
by DNA methylation also is low8 (see Chapter 6).
In research into etiological factors, many associations with pre- and perinatal factors
have been included with multiple studies linking early life factors to handedness. For
example, Bakan et al.9 related non-right-handedness to “birth stress” as indexed by
multiple birth, premature birth, prolonged labor, caesarian section, breach position, and
One hypothesis related the origins of handedness to prenatal levels of testosterone
and suggested that left-handed individuals may have been exposed to higher levels of
testosterone in comparison with right-handed, thereby explaining the higher prevalence
of left-handedness in males10,11. However, later studies demonstrated the opposite that
prenatal level of testosterone could be related to right-handedness12–14.
We carried out a review of large association studies of handedness with early life
characteristics (Table 1). The largest study of early life characteristics associated
with handedness was performed in the UK Biobank cohort of ~500,000 adults15. The
handedness, and reported associations with sex (more left-handed males), year and
location of birth (left-handers increased with year of birth up to 1970, and more in
England than outside England and UK), season of birth (more left-handed persons born
in summer months), birthweight (more left-handedness given lower birthweight), being
part of a multiple birth (more left-handed individuals from twin pairs), and breastfeeding
(more left-handed persons not being breastfed).
94
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An early meta-analysis of 23 large-scale studies including total 46,699 individuals found
that that prenatal stress, fetal presentation (breech position in males), gestational age,
and mode of delivery (caesarean section) were associated with non-righthandedness16.
A Danish study of 35,206 singletons found associations with mixed-handedness
conception (children conceived after intrauterine insemination were twice the risk
of being mixed-handed compared to naturally conceived children)17. A study of 1,031
school students at around 16 years old showed an association of low Apgar scores
with non-right-handedness18
authors reporting an association with offspring left-handedness19,20, and others reporting
no association16,18,21. Stressful events in the third period of pregnancy were related to a
higher prevalence of mixed-handedness in offspring22,23.
Regarding gestational age, a meta-analysis of 18 studies, which included total 10,117
individuals, reported 22% non-righthanded in preterm born compared to 12% in controls24.
The larger proportion of non-righthanded (23%) was also reported in extreme preterm
births25.
Handedness has been related to neurodevelopment and neuropathology26, and
externalizing problems later in life. Higher externalizing problems, as indexed by
aggression were associated with left-handedness (measured by an online tapping task)
in study of 305 undergraduate students27 and in an internet survey of 20,539 adults28. A
study of psychiatric disorders in 692 children yielded 78% increased odds of oppositional
29
. Non-right-handed adolescents had higher
rates of behavioral problems in Dutch study of 2,096 adolescents. However, externalizing
problems showed no association with non-right-handedness in this study30.
A higher incidence of left-handedness in twins and triplets, compared to singletons, has
been reported in some studies15,31–36, but not in all4.
Monozygotic (MZ) and dizygotic (DZ) twins did not differ in left-handedness
prevalence35,37,38, nor were differences seen as a function of chorionicity37,39. Some
second-born twins40, but this was not replicated in other studies14,37. Lower prevalence of
left-handedness was observed in female twins in opposite-sex pairs, compared to female
twins in same-sex pairs14. Twins are frequently born preterm and with low birthweight and
are at greater risk of certain congenital disorders and perinatal morbidity41.
Our review of previous studies shows inconsistencies in results, with also pointing to a
to assess, handedness. Some, but not all, studies discard mixed-handed individuals, and
meta-analyses have integrated studies with different assessment methods. The present
handed versus mixed-handed (MH), and right-handed vs non-right-handed (NRH). With

characteristics. To these ends, we analyzed data on handedness from 5-year-old twins
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registered in the Netherlands Twin Register (NTR) who were followed longitudinally since
birth42. The twins were born between 1989 and 2014. All analyses were performed with
generalized equation estimates to account for relatedness between twins.

Methods
Overview. We studied the association between handedness at 5 years old and early
life characteristics and outcomes in twins. First, we perfomed a literature review to
compile a list of possibly relevant early life characteristics for analysis. Second, we
perfomed an association study in twins. The NTR includes 38,496 5-year-old twins,
who were born between 1989 and 2014, and were registered as newborns with the
NTR by their parents. Of these, 97% had information on drawing hand preference at
5 years old, and 3% had no information on handedness. After exclusion of the twins
(3%) with no data on handedness, sample size was 37,495 twins in 18,630 complete
considered: left-handedness (LH, left-handed vs. RH, right-handed), mixed-handedness
(MH, both hands vs. right-handed), and non-right-handedness (NRH, left- and mixedhanded vs. right-handed). Twenty three variables related to prenatal and early life were
studied in association with handedness (see Supplementary Table 1): six that were
also tested in the currently largest study, performed in UK Biobank, by de Kovel et al.
(2019)15, and 13 characteristics available in the NTR, which featured in previous studies
characteristics as zygosity and chorionicity. In addition, we included amnionicity and
time interval between the birth of the 1st and 2nd twin that have not been considered
previously. As handedness is related to neurodevelopmental delay and externalizing
problems, we included neurodevelopmental delay measured by bowel and bladder toilet
skill delay assessed at age 5. Children with typical development usually acquire these
skills, assessed having less than four wetting accidents per week, by the age of four43,44.
CBCL (Achenbach) when twins reached age 7.
Literature review. To identify potentially early life characteristics to include, we reviewed
the literature. We conducted a literature search in PubMed based key words with further
semi-automized selection based on abstract screening with ASReview tool (https://
asreview.nl, developers: Utrecht University
of literature in PubMed with key words “handedness” (62,901 results, of them 10,000
uploaded; date 9.05.2021) and “handedness&twins” (290 results; date 9.05.2021). The
further selection was performed based on abstract screening with ASReview tool of the
combined list of references with duplicates removed to select the papers with studies on
association studies of handedness with early life characteristics (prenatal, perinatal, and
early life characteristics). The study selection criteria included the criterion of sample
sizes greater than 200 individuals. However, we included two clinical studies with N<200
because they addressed prenatal stress and gestational age in preterm population, i.e.,
characteristics which have hardly been considered in the literature. If a recent metaanalysis was available, we discarded other population-based studies if they concerned
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TABLE 1.
Overview of the association studies of handedness and early life characteristics
First
author,
year

Age of hanSample
Handedness
dedness measize
phenotype
surement

Handedness measurement

Characteris-tics asso-ciated
with handedness

Characte-ristics
not associated with
handedness

Mixed twin-singleton population studies
De Kovel,
2019

421,776

40-69 years

Vuoksimaa,
2009

30,161

18-69 years LH in RH/LH/MH Self-report on childhood and
MH in RH/LH/ current hand preference

RH/LH

Self-report

Maternal smoking

Being multiple, sex

Maternal smoking

Sex; higher MH in triplets vs
singletons and twins

Zygosity, birth order

Birthorder

Zygosity, birth order

Maternal smoking, low Apgar
scores

Being multiple, birth order,
parental age, mode of delivery

Different measure-ments in
meta-analysis
Different measure-ments in
meta-analysis

Being breastfed

None

Report on “Which hand does
your child use most?” or “Is
your child right-handed or
left-handed?” (3 response
categories: RH, LH, both)
and Annett Hand Preference
Questionnaire

Gestational age, parental
handedness, mode of
conception, maternal smoking,
contraception during 1st
trimester

MH
Dra-govic,
2013

1,031

Mean 16.2

RH/NRH

Self-report

Singleton studies
Hujoel, 2019 62,129
Searleman,
1989

46,699

Zhu, 2009

35,206

Children

RH/NRH

Childrenadults (metaanalysis)

RH/NRH

7 years

RH/NRH

Mode of delivery, gestational
age, sex, birthweight, fetal
presen-tation, maternal smoking,
birth order position in family

multiple

None
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Being multiple, year of birth, sex,
season of birth, birth-weight,
being breastfed

5

First
author,
year

Age of hanSample
Handedness
dedness measize
phenotype
surement

Handedness measurement

Characteris-tics asso-ciated
with handedness

Characte-ristics
not associated with
handedness

Being breastfed

Denny,
2012
Van der
Feen, 2020

21,847

7 years

RH/NRH (LH+
MH)

20,539

Mean 41.3

Continuous

Hand skill assessed by
alternating key press task
(“tapping task”)

Aggression score

None

John-ston,
2013

12,686

Mean 7.4

RH/LH

Question on writing hand

Being breastfed, sex, parental
age at birth, birthweight

Mode of delivery, gestational
age, maternal smoking, socioeconomic status

Domel-lof,
2011

10,117

3-19 years

RH/NRH

Different measure-ments in
meta-analysis

Gestational age, neu-rological
and neuro-psychological
outcomes

None

BaileyMc
Keever,
2004

2,151

Undergraduate
students

RH/LH

Van der
Hoorn,
2010

2,096

Mean 13.6

RH/NRH

Sutcliffe,
2005

1,525

5 years

Continuous

Writing hand

List of 25 factors, including
mode of delivery, gestational
age, birth-weight, fetal
presentation

Report on “What is the hand you Thought problems, social probare writing with?” (3 response
lems, being withdrawn and
categories: RH, LH, alternating) depressed (psychotic items)

Obstetric factors (ge-stational
age, birth-weight, caesarean
section, vacuum or for-ceps
assisted birth), treated with
oxygen or incubator as neonate,
externalizing problems

None
abilities (motor scale), parental
report: child handedness for
drawing and writing

Parental handedness, mode of
conception
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Table 1 (continued)

Table 1 (continued)
First
author,
year
Fagard,
2021

Age of hanSample
Handedness
dedness measize
phenotype
surement
1,129

5 years

Handedness measurement

Continuous
and RH/LH

Handedness index based on
8-item hand preference test
(from LH to RH) and absolute
handedness index (from nonlateralized to non-late-ralized).
Binomial variable based on
handedness index: RH vs LH

Characteris-tics asso-ciated
with handedness

Characte-ristics
not associated with
handedness

of birth, gestational age, fetal
presentation (breech), being
breastfed

870

Mean 16.6

RH/MH/LH

Drawing hand (Chapman and

None

Parental age at birth, season
of birth

Obel, 2003

824

3 years

RH/MH

Mixed-han-dedness based on
maternal report at 3 years old
(use of hand in 5 activities)

Prenatal stress in 3d trimester

None

Logue,
2015

692

RH/MH

Writing hand

Psychiatric diagnosis including

None

Dinsdale,
2011

395

4-18 years
(clinical
setting, predominantly
AfricanAmerican
ancestry)
Mean 19.2

Continuous

Edinburgh Inventory of
Handedness

Aggression score

Sex

van der
Elst, 2021

294

5.67-15.08
years

RH/LH
(LH+MH)

Lateral preference (hand, foot,
eye, ear preference)

None

Sex, fetal presentation, mode of
delivery

Marlow,
2007

241

6 years

Continuous

Neuropsycho-logical battery

Gestational age

None

Van Heerwaarde,
2020

179

5 years

RH/NRH
(MH and LH
combined)

Movement Assessment Battery
for Children second edition,
Dutch version (MABC-2-NL):
“the hand used to write or draw
with” at school age in preterm
clinical group (<28 weeks GA)

Parental handedness, gestational Being multiple, sex, season of
age
birth, birthweight, Apgar scores,
parental education level
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Karev, 2008

5

First
author,
year
Gutteling,
2007

Age of hanSample
Handedness
dedness measize
phenotype
surement
110

6 years

RH/MH

Sicotte,
1999

19,938

Childrenadults (metaanalysis)

RH/LH

van
Beijsterveldt, 2016

1,8222

5 years

RH/LH/MH

Medland,
2003

14,838

Childrenadults (metaanalysis)

RH/LH

Vuoksimaa,
2010

4,736

14 years

RH/LH/MH

Ooki, 2006

4,164

1-15 years

Orlebeke,
1996

3,400

Heikkila,
2015
Derom,
1996

Handedness measurement

Hand preference based on 8
activities assessed by independent observers

Characteris-tics asso-ciated
with handedness

Characte-ristics
not associated with
handedness
None

handedness, prenatal stress

Different measure-ments in
meta-analysis

Being multiple

Zygosity

Parental report about which
hand is used for drawing at the
survey of age 5

None

Chorionicity

None
Self-report on “Which hand
would you use to write a letter?”
and “Which hand would you use
to throw a ball to hit a target”

Birth order, being multiple,
zygosity

Self-report

Sex

Birth order

RH/LH

Parental report on “Which
hand would your twin children
predominantly use, if pos-sible,
to write a letter?”

None

Being multiple

Mean 17.8

RH/LH

Report on “Do you consider
yourself predominantly righthanded or predominantly lefthanded?”

Birth order, being multiple,
zygosity

None

2,252

Mean 12 [1-36
years]

RH/LH

Parental report and self-report

Birthweight (in triplets)

None

1,616

6 - 28 years

RH/LH

Parental report

Being multiple

Sex, birth order, chorionicity,
zygosity
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Table 1 (continued)

Table 1 (continued)
First
author,
year
Elkadi,
1999
James&
Orlebeke,
2002

Age of hanSample
Handedness
dedness measize
phenotype
surement
1,476

Mean 23.5

Continuous

606

Mean 17.8

RH/LH

Handedness measurement

Characteris-tics asso-ciated
with handedness

Characte-ristics
not associated with
handedness

Survey on hand use for 3
activities

None

Birth order

Report on “Do you consider
yourself predominantly righthanded or predominantly lefthanded?”

Birth order

None

Abbreviations: LH, left-handedness; RH, right-handedness, MH, mixed-handedness, NRH, non-righthandedness, Continuous, score measurement. The studies in the table are
ordered by sample size in three groups: mixed twin-singleton population studies, singleton population studies, and twin studies.
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association of handedness with aggression, we conducted an additional literature search
using the term “handedness&aggression” (272 results; date 11.05.2021), repeated the
selection, and included three studies on aggression and handedness. One study with

year of publications, sample size, type of study (population-based (mixed singleton-twin)/
life characteristics.
Subjects. The NTR recruits families with twins weeks to months after birth. Informed
consent was obtained from parents. Surveys, including questions on pregnancy, birth
and outcomes, were sent to mothers after registration of newborn twins. The zygosity
of same-sex twins was determined by blood/DNA polymorphisms (18%), or by parental
report based on a questionnaire, addressing several aspects of physical resemblance and
the degree to which the twins are confused by parents, other relatives and strangers (see
Ligthart et al. 2019 for a detailed description). In a small number of twins the information
on zygosity was missing (32 cases, 0.1%). There were 55 families with 2 twin pairs, of
which three families included two MZ twin pairs, 37 families included two DZ twin pairs,
and 15 families included a MZ and a DZ twin pair.
Handedness. Handedness was assessed at age 5 years based on the answer on
question: “Which hand do the children use to draw on paper?” reported for 1st and 2nd
N=52) and missed data (N=949) were excluded
hands.
Early life characteristics.
sets of early life characteristics (see Supplementary Table 1): 1) General characteristics:
Prenatal
characteristics:
3) Perinatal characteristics: season of birth (being born in summer or not), gestational
age (continous), fetal presentation at birth (cephalic presentation and non-cephalic
presentation: breech and horizontal), mode of delivery (vaginal and intervention with
vacuum extraction, forceps or cesarean section), birthweight (continous), Apgar score
at 1st minute (continuous); 4) Early life postnatal characteristics: breastfeeding (no/yes),
neurodevelopmental delay (no/yes) assessed based on bowel and bladder toilet skills
delay at age 5 (reports on questions “How often do the children defecate in their pants?”
and “How often do the children pee in their pants during the day?”; see Appendix 1), and
of the Child Behavior Checklist (CBCL), which the mother completed when children were
7 years old45; and 5)
zygosity (dizygotic/monozygotic),
chorionicity (dichorionic/monochorionic), amnionicity (diamniotic/monoamniotic), birth
st
and 2nd twin.
Thus, 23 early life characteristics were tested for association with left-handedness (15
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categorical and 8 continuous). Pre- and perinatal characteristics were obtained from a
and information on breastfeeding were obtained from a survey collected when the twins
are 2 years of age46 that included the question “Are the following persons predominantly
left-handed or right-handed (mother, father)?” (three answer categories were left-handed,
right-handed, and both hands), and the question “Did your twin get breastfeeding?”
(answer categories “no”, “less than 2 weeks”, “2 to 6 weeks”, “6 weeks to 3 months”,
“3 to 6 months”, “more than 6 months” were categorized in yes/no). The information on
toilet skills was obtained from the same survey that addressed children handedness, at
5 years old. Information on chorion status was obtained by linkage to the records from
the database of the Dutch pathological anatomy national automated archive (PALGA)39.
The time interval between the twin births included 6 cases with extreme values (i.e.,
more than 33 hours of time between birth of 1st and 2nd born). These extreme values were
recoded as missing. There were >45% missing data due to absence of characteristics in
earlier surveys, no response given, or absence of data in linkage records. The questions
on several early life characteristics were included later to the surveys, and that explain
missing data: aggression score at 7 years (45%), chorionicity and amnionicity (70%), fetal
presentation at birth (81%), maternal stress during pregnancy (81%), and Apgar score
at 1 minute (86%). The distributions of the characteristics in LH, RH and MH groups are
presented in Supplementary Figures 1 and 2.
Statistical analysis. All statistical analyses were performed in R version 4.1.0. Due to
missingness, the number of subjects in the regression analyses of individuals varied
between 4,515 and 37,495 subjects.
Descriptive statistics. The frequencies of categorical variables, and means and
standard deviations (SD) of continuous variables were obtained in total sample, and
within the LH, RH, and MH groups. As descriptive measures of association, we report
Pearson correlations for continuous variables (R package “stats”), polychoric correlations
for categorical variables (R package “polychor”), and point polyserial correlations for
continuous with categorical variables (R package “stats”).
Association analysis: For testing associations between handedness and characteristics,
we used generalized estimating equation (GEE) logistic models to account for relatedness
of twins. We conducted 23x3 individual regression analyses, in which we regressed
handedness on the 23 predictors. The coding of variables included in the models is
presented in Supplementary Table 1. Given dichotomous predictors and dichotomized
based on the GEE logistic regression output.
Multiple testing correction. We set the family-wise alpha to equal .05 and applied
the Bonferroni correction (per dependent variable: .05/23 = .002). As this correction for
multiple testing can be conservative, we also considered the correction based on Nyholt
(2004), which involves calculating the effective number of test, given the correlations
between the predictors. Correlations between 23 early life characteristics are presented in
Supplementary Figure 3 and Supplementary Table 2. The Nyholt procedure produced
approximately the same per-test-alpha of .002 (which is consistent with the low average
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mixed-handedness; note that non-right-handedness is the combination of these two), we

Results
Literature review. The reviewed studies were published between 1989 and 2021.
The sample sizes ranged from 240 to 421,776, except for two studies in less than 200
singletons in clinical settings22,25. Of 29 reviewed studies, there were two studies with
mixed singleton-twin samples, 19 studies of singletons, and 10 studies of twins and
handed14,15,19–21,24,25,29,33,35–40,46–48, right-handed vs mixed-handed17,21–23, or combined lefthanded with mixed-handed in non-right-handed group16,18,24,25,30,49–51, and handedness
preference score as a continuous trait28,52–54. Description of the studies and detected
associations are summarized in Table 1. Our selection of the early life characteristics
and expected associations based on the literature are presented in Supplementary
Table 1. We investigated left-handedness (LH), mixed-handedness (MH) and non-righthandedness (NRH) as the binary traits to compare it with previous studies performed
with different handedness phenotypes.
Descriptives: prevalence of handedness in twin families. In the parental generation
with known handedness (N= 31,813, 49.9% males) 84.7% were right-handed, 11.4% were
left-handed and 3.6% mixed-handed. The study cohort included 37,495 twins from 18,850
twin pairs born between 1986 and 2014, 49.7% males and 35% MZ. Characteristics of
the participants are presented in Table 2. The prevalence of right-handedness (RH) was
83.8%, left-handedness (LH) was 14.9%, and mixed-handedness (MH) was 1.3%. The
prevalence of left-handedness in twins was higher than in parental generation (14.9%
vs 11.4%, p<0.001) and in meta-analysis of adult healthy population (14.9% vs 10.6%
55). The prevalence of mixed-handedness in twins was lower than in parental generation
(1.3% vs 3.6%, p<0.001). The prevalence of left-handedness and mixed-handedness
was higher in males than in females (15.9% vs 13.8% for left-handedness, p<0.001; 1.8%
vs. 0.8% for mixed-handedness, p<0.001). In comparison with right-handed twins, lefthanded twins more often had left-handed mothers (14.7% vs 9.8%; p<0.001) and fathers
(14.6% vs 11.9%; p<0.001), one or both not-right-handed parents (33.3% vs. 26.9%;
p<0.001). No differences were observed between right-handed and mixed-handed twins
(one or both parents were non-right-handed in 31.7% of mixed-handed twins vs 26.9%
in right-handed).
Descriptives: correlations with handedness. Correlations between life characteristics
were mostly low (r <.5) except several strong correlations (r > .6 between amnionicity,
chorionicity and zygosity, between mode of conception and zygosity, between gestational
Supplementary Figure
3 and Table 2). Correlations between handedness and early life characteristics ranged
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TABLE 2.
Characteristics of participants
N total

Total
N=37,495

RH
N=31,425

LH
N=5,572

MH
N=498

1986-2014
18616 (49.6%)

1986-2014
15314 (48.7%)

1986-2014
2964 (53.2%)

1987-2014
338 (67.9%)

18879 (50.4%)

16111 (51.3%)

2608 (46.8)

160 (32.1%)

3357 (10.5%)
27379 (85.9%)
1133 (3.6%)

2622 (9.8%)
23170 (86.7%)
920 (3.4%)

699 (14.7%)
3858 (81.3%)
189 (4%)

36 (8.8%)
351 (85.4%)
24 (5.8%)

3931 (12.4%)
26536 (83.5%)
1176 (3.7%)

3185 (12%)
22358 (84%)
971 (3.6%)

695 (14.7%)
3850 (81.2%)
177 (3.7%)

51 (12.5%)
328 (80.2%)
28 (6.8%)

31.4 (4)
33.9 (4.7)

31.4 (4)
33.9 (4.7)

31.4 (3.9)
33.8 (4.7)

31.4 (4.3)
34.1 (5.2)

25675 (74.4%)
8851 (25.6%)

21457 (74.2%)
7455 (25.8%)

3873 (75.3%)
1273 (24.7%)

345 (73.7%)
123 (26.3%)

30000 (82.5%)
6360 (17.5%)

25206 (82.7%)
5257 (17.3%)

4416 (81.6%)
999 (18.4%)

378 (78.4%)
104 (21.6%)

4540 (63%)
2662 (37%)

3837 (63.4%)
2212 (36.6%)

651 (61%)
417 (39%)

52 (61.2%)
33 (38.8%)

General characteristics
Range of year of birth
Sex

37,495
Males, n(%)
Females, n(%)
31,883
LH, n(%)
RH, n(%)
MH, n(%)
31,777
LH, n(%)
RH, n(%)
MH, n(%)

36,364
35,990
34,526

Mode of conception

Prenatal maternal smoking

36,360
No, n(%)
Yes, n(%)

Maternal stress during
pregnancy

7,202
No, n(%)
Yes, n(%)

105

Early life characteristics and Handedness

Prenatal characteristics

5

Table 2 (continued)
RH
N=31,425

LH
N=5,572

31.4 (4)
33.9 (4.7)

31.4 (4)
33.9 (4.7)

31.4 (3.9)
33.8 (4.7)

31.4 (4.3)
34.1 (5.2)

25675 (74.4%)
8851 (25.6%)

21457 (74.2%)
7455 (25.8%)

3873 (75.3%)
1273 (24.7%)

345 (73.7%)
123 (26.3%)

30000 (82.5%)
6360 (17.5%)

25206 (82.7%)
5257 (17.3%)

4416 (81.6%)
999 (18.4%)

378 (78.4%)
104 (21.6%)

4540 (63%)
2662 (37%)

3837 (63.4%)
2212 (36.6%)

651 (61%)
417 (39%)

52 (61.2%)
33 (38.8%)

8896 (23.7%)
9707 (25.9%)

7497 (23.9%)
8082 (25.7%)

1270 (22.8%)
1490 (26.7%)

129 (25.9%)
135 (27.1%)

Head, n(%)

4769 (65.6%)

4003 (65.6%)

718 (66.5%)

48 (55.8%)

Breech, n(%)
Horizontal, n(%)

1923 (26.5%)
576 (7.9%)

1617 (26.5%)
483 (7.9%)

283 (26. %2)
78 (7.2%)

23 (26.7%)
15 (17.4%)

18594 (58.4%)
3861 (12.1%)

15549 (58.4%)
3259 (12.2%)

2789 (59.0%)
555 (11.7%)

256 (57.5%)
47 (10.6%)

2942 (9.2%)
6421 (20.2%)

2432 (9.1%)
5405 (20.3%)

470 (9.9%)
914 (19.3%)

40 (9.0%)
102 (22.9%)

36.5 (2.5)
2490.3 (549.8)
8.3 (1.8)

36.6 (2.5)
2493.5 (546)
8.3 (1.7)

36.4 (2.6)
2480.2 (566.1)
8.3 (1.7)

36.1 (2.8)
2404.9 (596)
7.7 (2.5)

36,364
35,990
34,526

Mode of conception

Prenatal maternal smoking

36,360
No, n(%)
Yes, n(%)

Maternal stress during
pregnancy

MH
N=498

7,202
No, n(%)
Yes, n(%)

Perinatal characteristics
Season of birth

37,491

Fetal presentation

7,268

31,818
Mode of delivery

Vaginal, n(%)
Caesarean session
planned, n(%)
Caesarean session
urgent, n(%)

Gestational age, mean(sd)
Birth weight, mean(sd)
Apgar score at 1 minute,
mean(sd)

36,277
36,045
5,281
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Total
N=37,495

N total

Table 2 (continued)
N total

Total
N=37,495

RH
N=31,425

LH
N=5,572

MH
N=498

13057 (40.8%)
18981 (59.2%)

10835 (40.4%)
16012 (59.6%)

2053 (43%)
2724 (57%)

169 (40.8%)
245 (59.2%)

36252 (97.7%)
854 (2.3%)
5.1 (4.9)

30408 (97.8%)
700 (2.25%)
5.1 (4.9)

5381 (97.7%)
126 (2.3%)
5.2 (4.8)

463 (94.3%)
28 (5.7%)
7.1 (5.6)

18776 (50.1%)
18689 (49.8%)

15684 (49.9%)
15715 (50%)

2863 (51.4%)
2706 (48.6%)

229 (46%)
268 (53.8%)

13129 (35.2%)
24192 (64.8%)

10956 (35%)
20327 (65%)

2013 (36.3%)
3531 (63.7%)

160 (32.4%)
334 (67.6%)

3483 (31.1%)
7718 (68.9%)

2908 (31%)
6478 (69%)

533 (32.2%)
1124 (67.8%)

42 (26.6%)
116 (73.4%)

281 (2.5%)
10874 (97.5%)
13(22.2)

231 (2.5%)
9120 (97.5%)
19.5 (736.7)

49 (3%)
1600 (97%)
21 (361.7)

1 (0.6%)
154 (99.4%)
11.9 (17.3)

Postnatal characteristics
32,038

Breastfeeding
No, n(%)
Yes, n(%)
Neurodevelopmental delay at 5
years

37,106
No, n(%)
Yes, n(%)
20,595

Aggression score at 7 years,
mean(sd)

37,465

Birthorder

37,321

Zygosity
Monozygotic, n(%)
Dizygotic, n(%)

11,201

Chorionicity
Monochorionic, n(%)
Dichorionic, n(%)

11,155

Amnionicity
Monoamniotic, n(%)
Diamniotic, n(%)
Time interval between birth of
the 1st and 2nd twin, mean(sd)

30,746

Abbreviations: LH, left-handed; RH, right-handed, MH, mixed-handed. Values are presented as mean and standard deviation (sd) or number (n) and frequency
in the group (%).
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1st born, n(%)
2nd born, n(%)
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Supplementary Table 3
r=.139). The largest
r=.191),
monoamnionicity (r=.190), and neurodevelopmental delay (r=.173).
Test of associations: As explained above, we analyzed each variable individually with
GEE logistic regression to correct for relatedness of twins (see Table 2 and Supplementary
Table 4). The higher probability of being LH, MH, or NRH was associated (at P<0.001)
handedness; OR 2.27, 95% CI [1.93, 2.67] for mixed-handedness; OR, 1.26, 95% CI[1.2,
1.32] for non-right-handedness), and shorter gestational age (OR 0.91, 95% CI [0.86,
0.95] for left-handedness; OR 0.78, 95% CI [0.67, 0.92] for mixed-handedness; OR 0.90,
95% CI[0.85, 0.94] for non-right-handedness). In preterm born twins, the prevalence of
left-handed (16%) and mixed-handed (2%) were higher than in term born twins (14% and
1% respectively). The differences were even stronger in extreme preterm twins (20% lefthanded and 5% mixed-handed) (see Supplementary Table 5).
Parental handedness was associated with handedness using the left-handedness
OR 1.60, 95% CI [1.48, 1.73] and to non-right-handedness OR 1.47, 95% CI [1.38,

with handedness using the left-handedness (being breastfed to left-handedness OR 0.90,
95%CI [0.85, 0.95]). Mixed-handed twins had 3-fold higher risk of neurodevelopmental
delay at 5 years (OR 2.51, 95% CI [1.75, 3.59]) and externalizing problems at 7 years old
(OR 2.81, 95% CI [1.86, 4.22]).
The left-handedness and mixed-handedness were
equally common in MZ and DZ twins (15.3% vs 14.6%, 2(1)=3.4, p=0.07 for lefthandedness; and 1.2% vs 1.4%, 2(2)=1.4, p=0.24 for mixed-handedness) and in 1st and
2nd born twins (15.2% vs 14.5%, 2(1)= 3.97, p=0.05 for left-handedness; and 1.2% vs 1.4
% 2(1)= 2.8, p=0.15 for mixed-handedness). We tested the hypothesis of the decreased
prevalence in left-handedness in opposite-sex and same-sex female twins, and did not
2
(1)=5.57,
p=0.02; MH: 2(1)=0.58, p=0.45; NRH: 2(1)=5.59, p=0.018; see Supplementary Table
6

Discussion
Our aim was to investigate the association of early life characteristics and handedness
some variation in the literature, which may account for inconsistencies that we noted
left-handed, right- versus mixed-handed, and right- versus non-right-handed. Using
the NTR data resources, we tested the association of handedness with a number of
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include amnionicity and time interval between birth of the 1st and 2nd twin. We also
tested the association with bowel and bladder toilet skills delay at age 5 (indicators of
neurodevelopment), and the association with aggression at 7 years old (a measure
related to externalizing).
Our results support the higher incidence of left-handed individuals among twins (14.9%)
in comparison with general population, which has also been reported in a metaanalysis of 59 twin studies (9.13% left-handed twins vs. 6.97% left-handed singletons)56.
Consistent with the results of this meta-analysis, we found comparable prevalences in
mixed-handedness among twin and singletons with 1.3% mixed-handed twins in our
study vs. 2.67% mixed-handed singletons56.
Parental handedness is associated with left-handedness, but not with mixed-handedness.
handedness and mixed-handedness20 and with fathers52. The absence of an association
of parental handedness and mixed-handedness is consistent with results of Zhu et al. 17.
in preterm born individuals (<37 weeks and <28 weeks) in comparison with twins born
after 37 week of gestation. In contrast to others (see Table 1), we found no evidence that
left-handedness was associated with lower birthweight. Birthweight in twins is likely be
partly affected by other factors than in singletons, as intrauterine growth restrictions play
an important role in twin pregnancies57.
Effects of season of birth or of sharing the womb with a male cotwin have been
hypothesized as a result in variation in testosterone exposure. We found no effect of
being born in summer months or of sharing the womb with a male cotwin. This is in
contrast, with de Kovel (2018), who suggested that seasonal effects on handedness are
present in females, possibly attributable to seasonal variation in maternal testosterone.
Another disputed hypothesis is that females from opposite-sex twin pairs are exposed
to higher testosterone levels during pregnancy that can affect lateralization and righthandedness. Vuoksimaa et al14 compared 1,455 females from same-sex twin pares and
left-handedness in opposite-sex females (5.3%) compared to same-sex females (8.6%).

handedness15,51. We can speculate on three potential pathways underlying this
association. First, breastfeeding can be a confounding, either genetic or environmental,
adversely affect infant breastfeeding58
can cause early breastfeeding cessation59. Second, a mother of a twin pair (or caregiver
in case of bottle feeding) may tend to feed each twin in a certain position instead of
switching feeding directions that can affect neurodevelopment. The discordant nipple
preference and further opposite hand preference was described in several cases of
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Left-handedness (RH vs LH)
N = 36,997
N

OR (95%CI)

Non-right-handedness
(RH vs LH+MH)
N = 37,495

Mixed-handedness (RH vs MH)
N = 31,923
N

P

OR (95%CI)
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TABLE 3.
Univariate analysis of handedness and early life characteristics

P

N

OR (95%CI)

37,495

1.26 (1.2 , 1.32)
—

P

Handedness-associated early life characteristics
Sex (F/M)

36,997

35,795
Gestational age, continuous
dichotomous (<37, >37 weeks)
30,349
30,088
Breastfeeding (no/yes)

31,624

1.2 (1.14 , 1.26) 6.7 10-10
—
0.0002
0.91 (0.86 , 0.95)

31,923

-23

26,179

-07

25,922

1.6 (1.48 , 1.73)
1.27 (1.18 , 1.37)
0.9 (0.85 , 0.95)
—

Aggression score at
20,327
7 years, continuous
dichotomous (< 18, > 18 points)

0.0010
0.244

1 (0.81 , 1.23)

30,883

27,261
17,516

2.27 (1.93 , 2.67 )
—
0.78 (0.67 , 0.92)

-06

0.9 (0.85 , 0.94)
31,869

1.4

-21

31,643

7 (1.38 , 1.58)

-07

0.99 (0.83 , 1.18)
—

0.953

32,038

1.23 (1.15 , 1.31)

0.0014

20,595

0.9 (0.86 , 0.95)

0.004

17,516

2.81 (1.86 , 4.22)

0.844

31,599

2.51 (1.75 , 3.59)

Year of birth, continuous

36,997

—
0.97 (0.92 , 1.02)

0.526

31,923

—
0.85 (0.72 , 1)

35,885

—
0.87 (0.72 , 1.06)

0.199

30,955

35,520

—
0.92 (0.84 , 1)

0.454

continuous dichotomous (<40,
>40 years)

36,277

-16

0.034
0.002

1.02 (0.87 , 1.2)

continuous dichotomous (<40,
>40 years)

-05

1.67 (1.12 , 2.49)
1.97 (1.37 , 2.84)

Neurodevelopmental delay at 36,615
5 years (no/yes)

dichotomous (< 2000, >2000)

-16

-12

—
-05

37,106

1.14 (0.94 , 1.38)
1.14 (0.98 , 1.33)

—
0.143

0.621

37,495

—
0.96 (0.91 , 1)

0.628

—
1.18 (0.69 , 2)

0.912

36,364

—
0.9 (0.74 , 1.08)

0.204

30,621

—
1.4 (1.1 , 1.79)

0.453

35,990

—
0.95 (0.88 , 1.04)

0.626

Mode of conception (Natural/

0.95 (0.89 , 1.01)

0.133

29,380

1.03 (0.86 , 1.24)

0.764

34,526

0.95 (0.9 , 1.01)

0.173

34,058

Maternal smoking (no/yes)

35,878

1.08 (1.02 , 1.16)

0.039

30,945

1.33 (1.1, 1.61)

0.015

36,360

1.1 (1.04, 1.17)

0.009

Table 3 (continued)
Left-handedness (RH vs LH)
N = 36,997
N
Maternal stress during
pregnancy (no/yes)

7,117

Being born in summer (no/yes) 36,993

OR (95%CI)

P

Non-right-handedness
(RH vs LH+MH)
N = 37,495

Mixed-handedness (RH vs MH)
N = 31,923
N

OR (95%CI)

P

N

OR (95%CI)

P

1.11 (0.99 , 1.25)

0.135

6,134

1.11 (0.77, 1.61)

0.642

7,202

1.11 (0.99, 1.24)

0.126

1.06 (1 , 1.12)

0.102

31,919

1.08 (0.91, 1.29)

0.473

37,491

1.06 (1, 1.12)

0.083

Fetal presentation (cephalic/
non-cephalic)

7,182

0.95 (0.85 , 1.07)

0.479

6,189

1.48 (1.03, 2.13 )

0.077

7,268

0.99 (0.88, 1.1)

0.826

Mode of delivery (vaginal/
instrumental)

31,373

0.97 (0.92 , 1.03)

0.426

27,090

1.03 (0.87, 1.21)

0.799

31,818

0.98 (0.93, 1.03)

0.510

Birthweight, continuous

35,568

—
0.97 (0.92, 1.02)

0.019

0.125

30,677

0.506

4,515

0.98 (0.94 , 1.03)

dichotomous (<2500, >2500g)
Apgar score 1 min, continuous

—

5,217

dichotomous (<7, >7 points)

—

—
0.85 (0.72, 0.99)

0.002

36,045

—

0.025

5,281

0.45 (0.28, 0.74)

1.03 (0.84 , 1.26)

—

0.971

0.95 (0.79, 1.15)

36,968

0.94 (0.9, 0.99)

0.042

31,896

1.17 (1.01, 1.34)

0.077

37,465

0.96 (0.92, 1)

0.138

Zygosity (DZ/MZ)

36,827

31,777

1.12 (0.95, 1.33)

0.261

0.169

0.347

9,544

0.81 (0.59, 1.13)

0.304

37,321
11,201

0.96 (0.91, 1.01)

11,043

0.95 (0.9, 1)
1.06 (0.96, 1.16)

0.076

Chorionicity (DC/MC)

1.03 (0.94, 1.13)

0.567

Amnionicity (DA/MA)

11,000

1.21 (0.92, 1.6)

0.260

9,506

0.24 (0.05, 1.24)

0.153

11,155

1.13 (0.86, 1.48)

Time between birth of 1st
and 2nd twin, continuous
dichotomous (<30 min, >30
min)

0.479

30,312

—

0.113

26,167

—
0.89 (0.68, 1.16)

0.368

30,752

—
0.98 (0.9, 1.06)

0.213

0.99 (0.91, 1.08)
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monoamniotic; DA, diamniotic; P, p
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twins in studies of primates60. Finally, in comparison to bottle feeding, breastfeeding can
increase myelinization and neurodevelopment51,61. Further investigations are needed to
analyse these hypotheses.
outcomes. Mixed-handed twins had a higher risk of problematic toilet skill training
(relevant to neurodevelopment) at 5 years and aggression (relevant to externalizing) at 7
years. Mental health problems tend to be more severe in non-right-handed adolescents30.
to adverse neurodevelopment could be the mixed-handedness, but not left-handedness.
We found no association of left-handedness with externalizing problems, while some
previous studies found a higher rate of left-handedness in clinical samples of children
29
.
A limitiation of the current study is that the measurement of handedness was based on
parental report based on a single item. We found that this item captures most of the
other information in questions on hand used by child while drinking from the cup, eating,
throwing a ball, picking up the coin, and combing hair. For some participants data on
early life characteristics was missing, due to the absence of the relevant questions in
earlier surveys (e.g. fetal presentation at birth, maternal stress during pregnancy). The
data on chorionicity were obtained from the Dutch national pathology database, after
linking to the NTR data, but did not include all twins.

but there is some variation in associations with other early life characteristics and
left- or mixed-handedness. Left- and non-right-handedness were associated with
parental left-handedness and mixed-handedness was associated with higher risk of
neurodevelopmental delay at 5 years old and externalizing problems at 7 years old.
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Abstract
Handedness has low heritability and epigenetic mechanisms have been proposed
as an etiological mechanism. To examine this hypothesis, we performed an
epigenome-wide association study (EWAS) of left-handedness. In a meta-analysis
of 3,914 adults of whole-blood DNA methylation, we observed that CpG sites
located in proximity of handedness-associated genetic variants were more strongly
associated with left-handedness than other CpG sites (P=0.04), but did not identify
at 20q11.23 (P=0.00004) and 2p25.1 (P=0.03), which were less methylated in lefthanded adults. In longitudinal analyses of DNA methylation in peripheral blood and
buccal cells from children (N=1,737), we observed moderately stable associations
across age (correlation range [0.355-0.578]) but inconsistent across tissues
(correlation range [-0.384-0.318]). We conclude that DNA methylation in peripheral
tissues captures little of the variance in handedness. Future investigations should
consider other more targeted sources of tissue, such as the brain.
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Chapter 6

Introduction
early in life and represents a highly stable trait that is thought to be accompanied by
changes in brain1, corticospinal tract2, peripheral innervation and vascularization of
arm skeletal muscles3, arm dynamics4, and possibly the immune system5. Laterality is
already observable in very early stages of development: fetuses show coordinated hand
movements at 8–12 weeks post-conception with more right than left arm movements
in 85% of fetuses6–8. In children and adults, the prevalence of left-handedness is about
10%9. Handedness clearly clusters in families, but its inheritance pattern is not clear
and the heritability of handedness is relatively low: approximately 25% in twin studies
10–12
) and 11.9% (95% CI:
7.2–17.7) based on autosomal Identity By Descent (IBD) information from closely related
individuals in the UK Biobank13. Early genetic hypotheses on the development of hand
preference incorporated a component of randomness14,15: depending on which alleles
were inherited, a person would be right-handed or have an equal chance of being either
left- or right-handed. This randomness has also been referred to as “developmental
to the person16. Such randomness could explain monozygotic twin discordance in
handedness15 as reported in some twin studies17–19, although very early studies did not
Candidate genes associated with handedness and brain and spinal asymmetry
include leucine rich repeat transmembrane neuronal 1 (LRRTM1)20, LIM domain only
21
4 (LMO4)21, neuronal differentiation 6
, proprotein convertase subtilisin/
22,23
kexin type 6
and the androgen receptor gene (AR)24–26. However, genomewide association studies (GWASs) found no support for these candidate genes27–30,
to date, which included more than 1,5 million right-handed and 194,000 left-handed
individuals, found 41 loci associated with left-handedness13. Besides previously described
associations of left-handedness with loci that contain microtubule-associated protein
29
2 (MAP2)29,30 and tubulin beta class 1
associations was expanded with other microtubule formation and regulation genes
13
. Thus, multiple variants
were close to genes involved in microtubule functions that form part of the cytoskeleton,
and play a role in neurogenesis, axon transport31, and brain asymmetry32. The results
of functional analyses suggested involvement of neurogenesis and the central nervous
system and brain tissues, including hippocampus and cerebrum, in the etiology of lefthandedness. The variance of handedness explained by single nucleotide polymorphisms
(SNP heritability) on the liability scale was 3.45% in this meta-analysis13. The estimate in
UK Biobank was 5.9%13.
Partly because of the limited success of early genetic association studies, epigenomic
studies have been proposed as promising targets to identify mechanisms underlying
handedness33–35. Epigenome-wide association studies (EWAS) perform association tests
for several hundred thousand of CpGs (cytosine-phosphate-guanine nucleotide base
pairing) to identify differentially methylated positions (DMPs) associated with a trait.
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Approaches that test associations across multiple nearby correlated CpGs to identify
differentially methylated regions (DMRs)36, or that combine multiple CpGs into DNA
methylation scores37 help improve power by combining the effects of multiple CpG sites
and reducing the number of conducted tests. The predictive value of DNA methylation
by construction of individual methylation scores has been shown for several outcomes,
e.g. body mass index38. Epigenetic variation could be one pathway to connect the
hypothesized random component of handedness, and contribute to asymmetrical gene
expression in the two brain hemispheres39 and the spinal cord40. The latter was supported
by a genome-wide DNA methylation analysis in the right and left part of the fetal spinal
cord from six samples obtained between 8 and 12 weeks post conception that detected
asymmetrically methylated CpG islands of several genes40.
At present, no epigenome-wide association studies of handedness have been performed,
and the role of DNA methylation in handedness has only been examined in small
candidate-gene studies41,42. Here we analyzed DNA methylation data and left-handedness
from two cohorts – the Netherlands Twin Register (NTR) and Avon Longitudinal Study of
Parents and Children (ALSPAC). Both cohorts include methylation data in children and
adults. In the ALSPAC cohort, adults and children are related (parents and offspring), and
in the NTR cohort adults and children come from independent samples. We excluded
ambidextrous and mixed-handed persons, and treated handedness as a dichotomous
trait (left- or right-handed). First, we performed a meta-analysis of DNA methylation
data from the two largest groups with DNA methylation data in adults (total sample
size=3,914) to identify differentially methylated positions and differentially methylated
regions associated with left-handedness. Next, we performed additional analyses in
which we 1) examined if the epigenetic signal for left-handedness was enriched near
previously reported GWAS loci13; 2) examined methylation differences between left- and
right-handed twins from discordant monozygotic (MZ) twin pairs; 3) characterized the
longitudinal and cross-tissue similarity of the genome-wide epigenetic signal associated
with left-handedness using data from children; and 4) created methylation scores and
estimated their predictive value over and above polygenic scores (Figure 1).

Results
Epigenome-wide association meta-analysis of left-handedness
Tables 1-2 and Supplementary Tables 1-4 display the characteristics of the participants
included in the study. The epigenome-wide association study of left-handedness metaanalysed data from adults (N=3,914) with DNA methylation data in peripheral blood
(Illumina, 450k) from NTR (N=2,682, 34% male, mean age at methylation 36.5, standard
deviation (SD) 12.7) and ALSPAC (N=1,232, 30% male, mean age at methylation 48.98,
SD 5.55). In EWAS discovery cohorts, the prevalence of left-handedness was 12% in
NTR, and 8% in ALSPAC. The prevalence of left-handedness as a function of year of
birth in NTR is provided in Supplementary Table 2.
We tested 409,562 CpGs with adjustment for age, sex, smoking status, body mass index
(BMI), measured or estimated cell proportions, and technical covariates. Genome-wide
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Meta-analysis
GWAS follow-up

PRIMARY ANALYSIS

SAMPLES

NTR adults
N=2,682
Blood, 450k.
Mean age 36.5, range:
17-79 years
2,358 RH, 324 LH

ALSPAC adults
N=1,232
Blood, 450k.
Mean age 49, range:
31-75 years
1,133 RH, 99 LH

EWAS meta-analysis summary statistics
GWAS meta-analysis summary statistics
(Cuellar-Partida et al, 2021)
GoDMC database

METHODS

EWAS
DMR analysis

Testing overlap between
EWAS and GWAS results;
mQTL analysis

Longitudinal
analysis

At 7 years. N=757. Blood, 450k. Mean age 7.4. 689 RH, 68 LH

EWAS in buccal
cells

NTR children
N=946
Buccal cells, EPIC.
Mean age 9.5
807 RH, 139 LH

PGS and MS
prediction

MZ discordant twin
analysis

SECONDARY ANALYSES

ALSPAC offspring (N = 791)

At 17 years. N=759. Blood, 450k. Mean age 17.1. 690 RH, 69 LH

EWAS
DMR analysis

At 24 years. N=422. Blood, EPIC. Mean age 24.3. 405 RH, 37 LH

From NTR adults
N = 133 pairs
Blood, 450k.
Mean age 32.8

From NTR children
N=86 pairs
Buccal cells, EPIC.
Mean age 9.8

NTR adults (N=2,682)
ALSPAC adults (N=1,232)

Adult PGS and sametissue MS

NTR children (N=946)
ALSPAC offspring (N=757)

Child PGS and crosstissue MS

EWAS
DMR analysis

EWAS
DMR analysis

PGS based on GWAS
summary statistics.
MS based on EWAS
summary statistics.
PGS and MS prediction.

Figure 1: Flowchart of epigenome-wide association study of left-handedness

followed by meta-analysis to identify DNA methylation sites associated with left-handedness. The secondary analyses
included: 1) left-handedness GWAS loci follow-up; 2) longitudinal analysis of DNA methylation at four ages in ALSPAC
offspring; 3) analysis of buccal cell DNA methylation in NTR children; 4) analysis of DNA methylation differences
between left and right-handed co-twins from NTR discordant MZ twin pairs and 5) polygenic and DNA methylation scores
prediction. For left-handedness prediction, polygenic scores (PGS) were created based on left-handedness GWAS
summary statistics not including NTR/ALSPAC. Methylation scores (MS) were created based on weights from EWASs in
NTR adults, ALSPAC adults, NTR children and ALSPAC offspring at 7 years old to estimate the predictive performance.

122

DNA methylation and Left-handedness
LH, left-handed; RH, right-handed. DMR, differentially methylated region. EWAS, epigenomewide association study. GWAS, genome-wide association study. GoDMC, Genetics of DNA
Methylation Consortium. mQTL, methylation quantitative trait locus. Blood, buccal cells
indicate tissue of DNA methylation. 450k, EPIC indicate the platform for DNA methylation
measurement.
TABLE 1.
Characteristics of adult cohorts included in the primary meta-analysis
NTR adults
N = 2682

ALSPAC adults
N = 1232

LH

RH

LH

RH

324 (12%)

2358 (88%)

99 (8%)

1133 (92%)

34.3 (11.2)

36.8 (12.9)

49.1 (5.9)

49.0 (5.5)

119 (37%)
205 (63%)

783 (33%)
1575 (67%)

31 (31%)
68 (69%)

333 (29%)
800 (71%)

315 (97.2%)

2171 (92%)

0

0

BMI

24.2 (3.7)

24.2 (3.9)

25.80 (4.3)

26.71 (4.7)

Smoking (current)

65 (20%)

486 (21%)

37 (37%)

424 (37%)

N
Age at blood sampling
Sex
Males
Females
Multiples

Cell proportion

Neutrophils
52.8 (8.7)

52.4 (9.2)

B lymphocytes
10.8 (4.3)
CD4T

Eosinophils
3.1 (1.9)

3.1 (2.3)

18.4 (7.2)

8.4 (2.4)

18 (6.6)
CD8T

Monocytes
8.4 (2.2)

10.4 (4)

2.2 (3.8)

1.9 (3.1)

Natural killer cells
21.9 (6.5)

20.7 (5.7)

Granulocytes
45.5 (14.7)

47.9 (12.4)

Monocytes
7.5 (3.4)

7.4 (3.5)

NTR, Netherlands Twin Register. ALSPAC, Avon Longitudinal Study of Parents and Children.
LH, left-handed. RH, right-handed.
Whole blood DNA methylation (Illumina 450k). Numbers in EWAS basic models are reported
Values are presented as mean (standard deviation (SD)) or n (%).
(see Methods).
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ALSPAC offspring (longitudinal)
at birth N=703
LH
N
Age at blood
sampling
Sex

RH

60 (8.5%) 643 (91.5%)

Males 32 (53.3%)
Females 28 (46.7%)

7 years old N=757
LH
68 (9%)
7.43 (0.1)

RH
689 (91%)
7.4 (0.1)

302 (47%)
341 (53%)

36 (52.9%)
32 (47.1%)

332 (48.2%)
357 (51.8%)

39.6 (1.4)

39.6 (1.6)

Gestational age

39.6 (1.5)

39.6 (1.4)

Birth weight

3567.8
(434.4)
9 (15.2%)

3477.3
3583 (445.4) 3481 (493.3)
(493.6)
74 (11.6%) 10 (14.9%) 81 (11.8%)

Maternal smoking
during pregnancy
BMI
Smoking (current)

NTR children

17 years old N=759
LH
69 (9%)
16.9 (1.1)

RH
690 (91%)
17.1 (1.0)

24 years old N=442

N=946

LH

RH

LH

37 (8.4%)
24.3 (0.7)

405 (91.6%)
24.3 (0.7)

139(15%)

807(85%)

9.58(1.78)

9.56(1.86)

71 (51%)
68 (49%)

412 (51%)
395 (49%)

35.51(2.83)

35.93(2.52)

36 (52.2%) 321 (46.5%) 16 (43.2%) 173 (42.7%)
33 (47.8%) 369 (53.5%) 21 (56.8%) 232 (57.3%)

RH

2369 (585.2) 2407 (533.5)
14(11%)
22.5 (3.6)
22.5 (3.6)
20 (29.4%) 161 (23.6%)

24.2 (3.6)
9 (24.3%)

56(7%)

24.4 (4.5)
131 (33%)

NTR, Netherlands Twin Register. ALSPAC, Avon Longitudinal Study of Parents and Children. NTR: buccal cell DNA methylation. ALSPAC: cord blood and whole blood DNA
methylation. Numbers in EWAS basic models are reported
LH, left-handed; RH, right-handed; BMI, body mass index
Values are presented as mean (SD) or n (%).
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TABLE 2.
Characteristics of the datasets included in secondary analyses

TABLE 3.
Top differentially methylated positions from EWAS meta-analysis of left-handedness
CpG

CHR

Position a

cg22804475

8

20054597

Gene
ATP6V1B2

Location
TSS200

SE
-0.0007

P

FDR

Direction

0.0002

-06

0.197

--

0.197

--

cg09239756

12

106642360

CKAP4

TSS1500

-0.0032

0.0007

-06

cg22541911

12

51785465

GALNT6

TSS1500

-0.0010

0.0002

-06

0.197

--

0.0081

0.0017

-06

0.197

++

-0.0014

0.0003

-06

0.197

--

-0.0006

0.0001

-06

0.205

--

-0.0011

0.0003

-06

0.256

--

0.0002

-06

0.256

--

cg13719901

3

46608139

LRRC2

cg02850812

13

46961666

C13orf18

cg16852837

18

51750955

cg09893588

20

61340109

cg12402132

12

121148554

TSS200

MBD2
TSS200
Gene body

-0.0009

++ positive direction of effect in each cohort; --, negative direction of effect in each cohort
a Genome build Hg19 (build 37). See additional information on CpGs in Supplementary Table 12.
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= 2,663 and NALSPAC adults = 1,058. CpGs with uncorrected p-value < 1.0 x 10-5 are presented.
NTR adults
LH, left-handed; RH, right-handed; CHR, chromosome; SE, standard error; FDR, false discovery rate; TSS200, 200 base pairs upstream of transcription start site; TSS1500, 1500 base pairs upstream of
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Figure 2. Differentially methylated regions associated with
left-handedness in meta-analysis

groups of NTR adults and ALSPAC adults (N= 3,712). The top panel of each plot depicts the EWAS P-values for CpGs
in the differentially methylated regions A) at chromosome 20; and B) at chromosome 2. The x-axis indicates the position
in base pair (bp) for the region, while y-axis indicates the strength of association from meta-analysis EWAS with lefthandedness (adjusted model). The middle panel shows the genomic coordinates (genome build GRCh37/hg19) and
the functional annotation of the region: the ENSEMBL Genes track shows the genes in the genomic region (orange);
the CpG Island track shows the location of CpG islands (green); the Regulation ENSEMBL track shows regulatory
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regions (blue). CpGs from DMR associated with left-handedness are indicated with red lines above the correlation
heatmap. More detailed information on the regions is provided in Table 4. The bottom panel shows the Spearman
See additional information on CpGs from the regions in Supplementary Table 12.
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EWAS test statistics from each cohort separately, and from the meta-analysis, showed
Supplementary Tables 5-11). None of the associations with CpG sites
rate < 5%) (Supplementary Figure 1). The CpGs with lowest p-values in meta-analysis
-5
) are shown in Table 3. Six of eight CpGs were located near transcription start
sites on different chromosomes: in the LRRC2 gene on chromosome 3, in the ATP6V1B2
gene on chromosome 8, in the CKAP4, GALNTR6, and
genes on chromosome
12, in the C13orf18 gene on chromosome 13, in the MBD2 gene on chromosome 18,
and in the
gene on chromosome 20. The average difference in DNA methylation
between left-handers and right-handers at these CpGs was small (from 0.06% to 0.8%; i.e.
0.0006 to 0.008 on the methylation beta-value scale) with lower methylation level in lefthanders at all CpGs except for cg13719901 (LRRC2) (Supplementary Figure 2 and 3).
The DMR meta-analysis detected two DMRs associated with left-handedness (Fig.2,
Table 4, Supplementary Table 12). The DMR on chromosome 20 (BLCAP; NNAT; 16
CpGs) had lower DNA methylation in left-handers than in right-handers (P-value adjusted
for multiple testing (Padj) =0.00004). The DMR on chromosome 2 (
7 CpGs) also
had lower DNA methylation in left-handers (Padj=0.03). In total, 15 of 16 CpGs in the
DMR on chromosome 20 (Supplementary Figure 4 and 5) and 6 of 7 CpGs in the
DMR on chromosome 2 (Supplementary Figure 6 and 7) were hypomethylated in lefthanders. The average absolute DNA methylation difference at these regions between
individual CpGs was 0.4% for the DMR on chromosome 20, and 0.1% for the DMR
on chromosome 2. Both DMRs were within CpG islands, and were not detected in the
individual cohorts. Some CpG sites within left-handedness-associated DMRs have been
previously associated with other traits, these associations are listed in Supplementary
Table 13.
GWAS follow-up
recent GWAS meta-analysis of handedness13. CpGs located within 1 Mb window of SNPs
-8
associated with left-handedness (at P
) were on average more strongly associated
with left-handedness in the EWAS meta-analysis than the other tested CpGs (ß=0.027,
P=0.04). The effect was weaker when less stringent GWAS p-value cut-offs were applied
-6
-5
(i.e. SNPs with P
, and SNPs with P
). Importantly, in a control analysis
substituting genetic loci with loci associated with type 2 diabetes43, we did not observe
ß =0.005, P=0.265) (see Supplementary Table 14,
Supplementary Figure 8).
A look-up of left-handedness associated SNPs13 in the methylation quantitative trait locus
(mQTL) database by the Genetics of DNA Methylation Consortium (GoDMC)44 showed
that 95% of left-handedness associated SNPs associated with methylation levels of
nearby (cis; 86 %) or distant (trans; 14%) CpGs (254 unique CpGs). We repeated the
GWAS enrichment analysis with these CpGs driven by mQTLs removed, and obtained
more strongly associated with left-handedness compared to other genome-wide CpGs
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(ß=0.027, P
from our EWAS meta-analysis, or among the top 100 CpGs (by p-value) from our EWAS
effects of the top GWAS loci.
Longitudinal analysis
While handedness is a stable trait, DNA methylation can vary over age45. We analyzed
DNA methylation in ALSPAC offspring measured in cord blood at birth, and in peripheral
blood at 7, 17, and 24 years old (N=791, Table 2 and Supplementary Table 3) to examine
the association between DNA methylation and left-handedness throughout childhood and
adolescence. No associations survived adjustment for multiple tests at any time point
(Bonferroni adjusted P < 0.05; Supplementary Figure 9e-l, Supplementary Tables 1926). The correlations of effects for the top 100 CpG by p-value between time points were
moderate to strong (mean correlation = 0.414; correlation range from r=0.355; P=0.0002
-10
to r=0.578, P
), except for a weak correlation between top effects at 17 years
ALSPAC17- ALSPAC24
and 24 years (r
=0.079; P=0.435) (Supplementary Figure 10). There were
no overlapping CpGs amongst the top 100 CpGs between analyses at different time
points (Supplementary Fig. 11). Correlations between top CpG effects between ALSPAC
adults (mothers and fathers) and offspring at birth were strong negative (rALSPACadults-15
ALSPACatbirth
) (Supplementary Figure 12), and between ALSPAC
adults and offspring at 7, 17, 24 years were weak (r from -0.006 to 0.141, P >0.0003)
(Supplementary Figure 10).
DNA methylation in buccal cells
In NTR, buccal DNA methylation data (measured with the EPIC array at 787,711 CpG
sites) were available in children (N=946, mean age 9.5, SD=1.85). The EWAS did not
detect associations of DMPs with left-handedness (Supplementary Figure 9m-n,
Supplementary Table 27-28). The effects for top 100 CpG in EWAS of handedness
in buccal cells had weak correlations with effects in blood in the meta-analysis (from
r=0.086, P=0.39 to r=0.179, P=0.07), NTR adults (from r=0.193, P=0.05 to r=0.268,
P=0.007), ALSPAC adults (from r=-0.008, P=0.94 to r=-0.04, P=0.95), and ALSPAC
-05
offspring at different ages (from r=-0.384, P
to r=0.312; P=0.002). Four DMRs
in buccal cell DNA associated with left-handedness: DNA methylation was lower in left-06
handers at a DMR on chromosome 8 (4 CpGs; Padj
, average difference in
DNA methylation in left-handers and right-handers 0.07%), a DMR on chromosome 9
(10 CpGs; Padj=0.039, average difference 0.3%), a DMR on chromosome 12 (2 CpGs;
Padj=0.04, average difference 0.98%), and a DMR on chromosome 22 (2 CpGs; Padj=0.035,
average difference 1.1%) (Table 4, Supplementary Figure 13). These DMRs did not
overlap with DMRs detected in the analyses of blood methylation data. Sixteen of 18
CpGs from these regions had a lower methylation level in left-handed children than in
right-handed (Supplementary Table 29).
Sensitivity analyses
We reported the DNA methylation and left-handedness association study with adjustment
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TABLE 4.
analysis and secondary analysis
Cohort

Chromosome

Start

End

n
CpGs

Genes

Effect
size

SE

BLCAP
NNAT

-0.153

0.024

-11

-0.102

0.019

-08

P

P adjust

Primary analysis
Meta-analysis
NTR and
adults
(blood DNA
methylation)

chr20

36148679 36149022

16

chr2

9614471

7

9614744

-05

0.03

Secondary analysis
NTR
children at
9 years
(buccal cell
DNA
methylation)

chr8

145024929 145025064

4

PLEC1

-0.056

0.008

-11

-06

chr22

36011405

36011843

2

MB

-0.119

0.022

-08

0.035

chr9

111696674 111697545

10

EELP1,

-0.134

0.024

-08

0.039

2

WNK1

-0.117

0.021

-08

0.040

chr12

899323

899559

Effect size is a weighted sum of the EWAS effects for each CpG site in the DMR (i.e. methylation differences between
LH and RH) where the weights account for dependence between CpG sites and uncertainty in the EWAS effects (see
Methods). Nmeta-analysis = 3721, NNTR children = 866.
NTR, Netherlands Twin Register. ALSPAC, Avon Longitudinal Study of Parents and Children. SE, standard error;
Padjust, P-value multiplied by the total number of tests performed; the number of tests is equal to the number of regions
for which DMR statistics are calculated.

studies: BMI38 and smoking46 in adults, and gestational age, birth weight and prenatal
maternal smoking in children47,48. We examined if the EWAS results for handedness differ
without taking these factors into account. Across all analyses, the correlations between
the effects for the top 100 CpGs were strong between the models with and without
adjustment for these factors (r ranged from 0.99 to 1), and overlaps of the top 100 CpGs
were substantial (32 to 87 CpGs). Adjustment for the factors increased the number of
DMRs associated with left-handedness in meta-analysis (1 DMR without adjustment and
2 DMRs with adjustment), and in EWAS in children (2 DMRs without adjustment, and 4
with adjustment in buccal cells in NTR).
Discordant MZ twins
In NTR, the DNA methylation datasets included 1,039 monozygotic (MZ) adult twins
with blood samples (from the meta-analysis in NTR adults) and 794 MZ children with
buccal samples (from NTR children in secondary analysis) from complete twin pairs
with handedness data. We found that 21% of the MZ twin adult pairs (N=133 pairs)
and 24% of the MZ twin child pairs (N=86 pairs) were discordant for handedness.
Characteristics of MZ discordant twins are presented in Supplementary Table 4. In
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both groups, we performed an MZ discordant within-pair EWAS analysis, comparing
left- and right-handed twins. Within-pair analyses of DNA methylation of left- and righthanded twins did not identify DMPs or DMRs in blood or buccal samples at Bonferroni
or FDR threshold (Supplementary Figure 9a-d, Supplementary Tables 15-18). We
compared the methylation results obtained in discordant MZ twins to the EWAS metaanalysis results for the top 100 CpGs ranked on ascending p-value from each analysis.
To avoid sample overlap, we repeated the EWAS meta-analysis after exclusion of the
MZ discordant twin pairs. Correlations between the meta-analysis top 100 effects and
mean methylation differences from the within-pair analysis were weak in adults (rMZ
disc adults blood–Meta-analysis
=0.189, P=0.06; rMeta-analysis–MZ disc adults blood=0.188, P
disc children buccal–Meta-analysis
and children (rMZ
=0.134, P=0.18; rMeta-analysis–MZ disc children buccal=0.252,
P=0.01) (Supplementary Figure 10). There were few overlapping CpGs among the top
100 CpGs from the within-pair analyses and other analyses (Supplementary Figure 11).
Handedness methylation scores
To examine if variation in handedness can be predicted by DNA methylation levels
across multiple CpGs, methylation scores (MS) were created. These were based on
EWAS summary statistics in NTR to predict into ALSPAC, and on ALSPAC summary
statistics to predict into NTR given the following p-value thresholds to include CpGs:
-1
-3
-5
P
,P
,P
. To estimate the variance explained by MS above genetic
variants, polygenic scores (PGS) were created based on the summary statistics from
the handedness GWAS of Cuellar-Partida et al.13 with exclusion of NTR, ALSPAC and
23andMe cohorts (NGWAS=196,419). Since four scores were tested (3 methylation scores,
(Supplementary Table 30, Supplementary Fig. 14). The results are summarized in
Supplementary Table 31. MS did not predict left-handedness in NTR and ALSPAC
adults, or in children at 7-9 years old and did not explain variance over and above the
variance explained by the PGS in the combined model (R2MS from -0.17 to 1.28%, R2PGS
from 0.002 to 0.46%). The largest amount of explained variance was in ALSPAC at 7
-5
years old for the MS based on CpGs at P
(R2MS=1.28%, P=0.1, NCpGs=7).

Discussion
We have performed an epigenome-wide association study of left-handedness, including
left- and right-handed individuals from two population-based cohorts from the Netherlands
and the UK. In the meta-analysis, combining the NTR and ALSPAC adult cohorts, two

factor (BLCAP) gene and nearby the transcription start site (TSS1500) of the neuronatin
(NNAT) gene. BLCAP encodes a protein that reduces cell growth by stimulating apoptosis.
NNAT is located within intron of BLCAP and is involved in brain development and nervous
system structure maturation and maintenance. BLCAP and NNAT are imprinted in the
brain49. The second intron of NNAT regulates the expression of BLCAP transcripts acting
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50

. Around 50% of CpGs in a region covering the NNAT CpG islands are
51
.
52
The imprinted DMR for these genes (chr20:36,139,941-36,159,190 ) overlaps with the
connection of genomic imprinting with handedness was previously suggested in a study
of another imprinted gene LRRTM141. CpGs from the handedness-associated region
at chromosome 20 previously associated with myalgic encephalomyelitis and chronic
fatigue syndrome, preterm birth, obesity, metabolic parameters, and arm fat mass (DXA
scan measurement).
The second DMR (genomic location: chr2p25.1, 9,614,471:9,614,744) is located within
the isoamyl acetate hydrolyzing esterase 1
gene. The
gene encodes an acyl
disease with an inborn error of leucine metabolism (3 methylglutaconic aciduria type 1).
CpGs from the region previously associated with gestational age, bone mineral density,
metabolic parameters, and schizophrenia. Some of these traits have been reported to be
associated with handedness in epidemiological studies, e.g. BMI53 and gestational age54,
for which we adjusted in our analyses. Previous analysis of the genetic correlations
between left-handedness and 1,349 complex traits using LD-score regression did not
reveal any genetic correlations at FDR <5%, but suggestive positive correlations were
observed with neurological and psychiatric traits, including schizophrenia13.
of top CpGs were small (mean differences between left- and right-handed individuals
smaller than 1%), the high-ranking CpGs are of potential interest. The second-ranking
CpG cg09239756 (genomic location: chr12, 106,642,360) is located near the cytoskeleton
associated protein 4 (CKAP4) gene. This gene mediates the anchoring of the endoplasmic
reticulum to microtubules. Microtubules are an important cytoskeleton component that
play a role in neuronal morphogenesis and migration, and axon transport31. Microtubules
have been widely discussed in association with handedness15,29 and brain anatomical
asymmetry32, and genes involved in microtubule pathways were enriched in the GWAS of
handedness13. Moreover, in our enrichment analysis, we found that CpGs located within
a 1Mb window from SNPs associated with left-handedness in the GWAS meta-analysis
by Cuellar-Partida et al.13 were more strongly associated with left-handedness in our
meta-analysis compared to CpGs outside of this window. Larger EWAS meta-analysis
or replication in additional independent cohorts is necessary to establish the robustness
of the top DMPs.
Hand movements together with other lateralized movements and molecular signs
of lateralization are observed at very early stages of human development in the
uterus6–8. Therefore, DNA methylation differences associated with hand preference are
expected to emerge early in development. While DNA methylation at some CpGs in
the genome changes throughout the lifespan45, the DNA methylation signal associated
with left-handedness was moderately consistent from birth throughout the lifespan: DMP
effects correlated in ALSPAC offspring from birth to 24 years old, although genome-
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associated with left-handedness at different time-points may indicate that the pattern for
left-handedness is conserved through the lifespan.
Several DMRs were detected in buccal cells in children around 9 years old (genomic
locations: chromosomes 8, 22, 9, and 12) after correction for multiple testing. Annotation
of these regions implicate the following protein coding genes: the plectin gene (PLEC1),
the myoglobin gene (MB) gene, the elongator complex protein 1 gene (ELP1), the
actin binding transcription modulator gene
protein kinase 1 gene (WNK1). The CpGs in these regions are mostly hypomethylated
in left-handed individuals. The genes encode for proteins that participate in cytoskeleton
functions, chromatin organization, development of neurons, and metabolism. CpGs from
DMRs in buccal cells previously associated with other phenotypes: CpGs from the DMR
on chromosomes 8 with myalgic encephalomyelitis, chronic fatigue syndrome, multiple
sclerosis, and gestational age; CpGs from the DMR on chromosome 9 with bone mineral
density, tissue mass of the arm (DXA scans measurement), and multiple metabolic
parameters. Interestingly, some of these phenotypes also associated with CpGs from
our meta-analysis in blood DNA methylation.
A difference in handedness preference in MZ twin pairs has always fascinated parents
of twins and twins themselves: how can children with almost identical genes differ for
such a prominent trait? Handedness discordance in identical twins was described a long
time ago17,18, and the percentage of MZ discordant twins were reported as 20% of 3,486
MZ twins in East Flanders19, and 19% of 1,724 MZ twins from a London twin study28.
We observed that 21% of adult MZ twins and 24% of young MZ twins were discordant
for handedness in our study, but we did not detect DNA methylation differences among
is not associated with methylation differences in the tissues that we studied (but
might be present in other tissues), or that our analysis was underpowered to detect
methylation differences associated with handedness discordance. Our discordant MZ
twin analysis may be underpowered to detect small DNA methylation differences55, as
it included only 133 MZ discordant adult twin pairs and 86 child twin pairs. Different,
not mutually exclusive, hypotheses have been proposed for handedness discordance
of MZ twins, including large unique environmental effects, that are deduced based
on the low heritability of around 25% as estimated in the meta-analysis by Medland
et al.10. McManus16 emphasizes that such unique environmental factors may represent
quotes Mitchell56 saying that such processes are “caused not by any factors outside
developmental variance unique to the person. In a discussion and review of the human
and animal studies literature Molenaar et al.57
on individual differences and discuss how deterministic growth process may give rise to
highly variable results.
There is a growing interest to improve the prediction of traits with use of other omics
data than SNPs, like DNA methylation37 and by non-genetic early life factors (e.g. earlier
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factors associated with left-handedness including birth weight, being multiple, month
of birth, breastfeeding etc.58). Given the low heritability of handedness (~25%10,11), it is
expected that non-genetic factors play a role. Although together early life factors had
minimal predictive value58, they may inspire the search for DNA methylation signatures,
as DNA methylation signatures later in life were found for birthweight47. Single CpGs did
across multiple CpGs into an overall methylation score can be a more powerful approach
to capture variation in handedness. We calculated methylation scores as weighted sums
However, the predictive value of polygenic and methylation scores for handedness was
underpowered.
Our multi-cohort epigenome-wide association study can be summarized in several key
steps presented in Figure 3. We examined DNA methylation data in different tissues
(whole blood, cord blood, buccal cells) and ages (from birth to adulthood). The limitations
of the study are related to handedness measurements, available tissues, differences in
platforms used for DNA methylation (Illumina 450k, EPIC), and study power. There were
slight differences in the assessment of left-handedness between NTR and ALSPAC.
hand skill measurement rather than self-report of the preferred hand), analysis of DNA
methylation in more relevant tissues, and an increase in sample size. The difference
in left-handedness rates among children born before and after 1960 may be due to a
move away from being forced to use the right hand prior to 196059. We accounted for
this trend by including age (which correlates almost perfectly with birth year in these
samples) as a covariate in the analyses, however, it should be noted that the forced use
less precise. Our meta-analysis was based on whole blood methylation data, where the
methylation level represents the overall level of DNA obtained from millions of white blood
cells. We observed methylation differences between left- and right-handed individuals of
is present in only a sub-set of cells in an individual, or a sub-set of individuals in the
established and our top-DMPs remain to be replicated in additional cohorts or larger
meta-analysis. The primary tissues of interest for handedness are brain2,29, spinal cord40,
and arm muscle tissues4, and the timing when these tissues are collected could also
play a role, but the collections of these tissues are not widely available in population
cohorts for obvious reasons. Although 4,000 is considered a decent sample size for
EWAS and smaller sample sizes have allowed for the successful detection of many loci
where DNA methylation robustly associates with traits such as body mass index38, the
effect sizes for handedness were unknown a priori and 4,000 may still be too small
to detect methylation differences associated with left-handedness. Similarly, sample
sizes of EWASs of behavioral and psychiatric traits are now increasing beyond 10,00060.
For GWAS of handedness that applied similar phenotyping as the current study, the
increase of the sample size from about 400,000 to 1.7 million increased the number
of associated loci from a handful to over forty13, and similar increases in the number of
detected loci may occur when EWAS sample sizes for left-handedness increase. Finally,
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STEP 1:
Consulting quantitative behavioral-genetic studies and GWASs of the phenotype

Overview of existing estimates of heritability
and genetic and environmental components;
overview of GWAS meta-analysis

Pedigree and SNP heritability,
(non)shared environment; genetic
correlation with other traits; gene
discovery

STEP 2:
Hypothesis free EWAS in multiple cohorts

Discovery analysis: regression analysis with /
without additional covariates

Differentially methylated positions
(DMPs)

STEP 3:
Differentially methylated region analysis

Analysis to increase power through CpGs
clustering in genomic regions

Differentially methylated regions
(DMRs)

STEP 4:
Meta-analysis

Either with the same DNA methylation data
(tissue, DNA methylation array) or with
harmonization of the heterogenous data

6

DMPs and DMRs

STEP 5:
Follow-up of GWASs and EWASs of the phenotype

Analysis of summary statistics of CpGs located
at or nearby loci (SNPs, CpGs) detected in
previous studies

Enrichment for loci detected
in previous GWAS or EWAS

STEP 6:
Within-pair analysis in MZ twins discordant for the phenotype

Paired t-test; correlation of results between 4 & 6

DMPs and DMRs

STEP 7:
Prediction with polygenic (PGS) and methylation scores (MS)

Create PGS and MS for prediction of
phenotype and evaluate explained variance of
the phenotype

PGS, MS, predictive value
MS prediction beyond PGS?

Figure 3. Seven-step approach to DNA methylation signature discovery,
incorporating twin design

integrates behavioral-genetic and SNP-based methods (step 1) to estimate heritability, epigenome-wide study methods
(steps 3-4) for association analyses, follow-up of results using summary statistics from previous EWASs and GWASs
(step 5), the discordant twin design (step 6), and methods integrating polygenic and DNA methylation data (step 7)
genome-wide association study. EWAS, epigenome-wide association study. SNP, single nucleotide polymorphisms.
CpG, cytosine-phosphate-guanine. PGS, polygenic scores. MS, methylation scores. DMPs, differentially methylated
positions. DMRs, differentially methylated regions.
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our study focused on DNA methylation, but other epigenetic processes could play a role
and X-chromosome inactivation that remain to be explored.
We reported an EWAS of left-handedness in two large population-based cohorts with
data from children and adults, and examined performance of methylation scores and
polygenic scores. Despite the plausible rationale of multiple genetic and non-genetic
we did not uncover support for the hypothesis that DNA methylation in peripheral tissues
captures much if any of the variation in handedness. We propose that future studies
consider other tissues, such as related to central nervous system.

Methods
Overview. The primary epigenome-wide association study (EWAS) of left-handedness
was performed in two cohorts with DNA methylation data in whole blood (Illumina, 450k):
NTR adults61 (N=2,682 individuals including twins, mean age at methylation 36.5, standard
deviation (SD) 12.7), and ALSPAC adults62,63 (N=1,232, mean age at methylation 48.98,
SD 5.55). EWAS analyses were performed in each dataset separately, and summary
statistics were combined in the meta-analysis (N=3,914) testing 409,563 CpGs. As
this is a meta-analysis of existing DNA methylation datasets, no analyses were done
to pre-determine sample sizes, but the sample size is larger compared to previously
published DNA methylation studies of handedness41,42. We tested whether the EWAS
signal was enriched in nearby loci detected in the previous GWAS on handedness13.
Secondary analyses were performed in different tissues: in cord blood and peripheral
blood in ALSPAC offspring64, i.e. the children of ALSPAC participants that contributed
to the primary EWAS (N=791 with DNA methylation data at birth, at 7, and 17 years old
(Illumina 450k chip), and/or at 24 years old (Illumina EPIC array)), and in buccal cells
from an independent group of children from the NTR65,66 (N=946 twins, mean age 9.5,
SD 1.85, Illumina EPIC array). The number with DNA methylation and covariate data in
ALSPAC differed at different time points from 442 to 759. We carried out within-pair twin
analysis in NTR MZ twins discordant for handedness (Nadults= 133 twin pairs, Nchildren= 86
twin pairs). We performed EWAS analyses in each dataset and examined correlations
each EWAS analysis. Finally, we created and tested polygenic and DNA methylation
scores for left-handedness. The study method and design are presented in Figure 1 and
Figure 3. Detailed cohort information is provided in Appendix 1.
Handedness. NTR. Information on hand preference for adults and children was collected
by surveys and in small subgroups from laboratory-based projects. Parental reports on
children were collected at 5 years and included seven items for different activities, from
which the item “What hand does child use for drawing?” was selected. The four answer
categories were left-handed, right-handed, both hands and do not know. Multiple adult
surveys included the question: “Are you right-handed or left-handed?” (4 surveys) or
“Are you predominantly left-handed or right-handed?” (3 surveys). The three answer
categories were left-handed, right-handed, and both. For a small number of adult self136
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reports at younger ages (14, 16 or 18 years) or parental assessment at age 5 were also
available.
Adults (mothers and fathers) were asked which hand they used to write, draw,
throw, hold a racket or bat, brush their teeth, cut with a knife, hammer a nail, strike a
match, rub out a mark, deal from a pack of cards or thread a needle (11 questions).
Child handedness was assessed at 42 months by questionnaire in which the mother was
asked which hand the child used to draw, throw a ball, color, hold a toothbrush, cut with
a knife, and hit things (6 questions). Responses were scored -1, 0 or 1 for left, either or
right, respectively. Handedness was coded as 1 for left-handed or 0 for right-handed in
both cohorts.
DNA methylation and genotyping.
HumanMethylation450 BeadChip Kit which measures more than 450,000 methylation
sites (primary analysis in adults in NTR and ALSPAC and secondary analysis in ALSPAC
measures more than 850,000 methylation sites (secondary analysis in ALSPAC offspring
at 24 years old and NTR children). Genotyping for polygenic risk scores was done on
multiple platforms with imputation of the target data using reference haplotypes from

are described in Appendix 1 in Supplementary material.
Intergroup differences. We tested if there were differences in characteristics that were
included in EWAS models (such as age at biological sample collection, sex, body mass
index (BMI), smoking status at blood collection for adults, and gestational age, maternal
smoking during pregnancy, birth weight for children, cell proportions/percentages in buccal
swabs and in blood samples) between left- and right-handed individuals by generalized
estimating equations (GEE) to accommodate the relatedness among the twins in NTR,

persons. Right- and lefthanded MZ discordant twins were compared with paired t-test for
the traits that were not identical in twins (birth weight, BMI, smoking, cell percentages).
All statistical tests here and below were two-tailed.
Epigenome-Wide Association Analyses. Primary analyses. The association between
DNA methylation levels and left-handedness was tested for each site under a linear
model (ALSPAC) or generalized estimating equation (GEE) model accounting for
relatedness of twins (NTR). DNA methylation beta-values were the dependent variable
and were typically normally distributed. The following predictors were included in the
basic model: handedness (coded as 0=right-handed and 1=left-handed), sex, age at
blood sampling, percentage of blood cells for blood samples, and technical covariates in
NTR and ALSPAC (see Appendix 1
and smoking status at blood draw in both NTR and ALSPAC adult cohorts, because
BMI and smoking have large effects on DNA methylation in adults38,46. The primary
results reported in the paper are based on the fully adjusted model. The models are
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described in Appendix 2
the EWAS, which represent the methylation difference between left-handed and right( ) means a higher methylation level in left-handed individuals. The value of an individual
on the methylation scale is commonly also symbolized as beta ( ) and ranges from 0 to
1, where 0 represents a methylation level of 0% and 1 represents a methylation level of
100%.
NTR children. For DNA methylation in buccal cells, cell proportions (epithelial cells,
natural killer cells) for buccal samples were included instead of percentage of blood
cells. As several characteristics, such as gestational age and birthweight, affect DNA
methylation48,67, we included these in the adjusted model in children (see Appendix 2 in
Supplementary material).
In the within-pair analysis of discordant MZ twins, paired t-tests were employed to test
for methylation differences between the left-handed and the right-handed twins. Paired
t-tests were performed in R on residual methylation levels, which were obtained by
adjusting the DNA methylation -values for sample plate, array row, cell proportions in
buccal samples in children and sample plate, array row, and percentages of blood cells
in adults. Additional covariates, birth weight in children and BMI and smoking status in
adults, were added in adjusted model. Age, sex, maternal smoking, and gestational age
were not included because these variables are identical in MZ twins.
To account for multiple testing, we considered Bonferroni correction and a False Discovery
Rate (FDR) of 5%. The Bonferroni corrected p-value threshold was calculated by dividing
0.05 by the number of genome-wide CpGs tested, and false discovery rate (FDR) q-values
factor ( ) was calculated with the R package Bacon64 (see Supplementary Table 5).
Meta-analysis. A meta-analysis was performed in METAL69 based on estimates
with GEE in NTR and linear regression in ALSPAC. NTR and ALSPAC adult cohorts were
combined. In total, 409,563 CpG sites present in both cohorts were tested with statistical
Comparison of top CpGs from different analyses. To compare top CpGs from
different analyses, we repeated the NTR EWAS analyses in adults in children and
meta-analysis with discordant MZ twin pairs removed to avoid sample overlap. We
selected methylation sites that overlapped in 13 analyses with adjusted model (metaanalysis, meta-analysis without discordant MZ twins, EWAS NTR adults, EWAS NTR
adults without discordant MZ twins, EWAS ALSPAC adults, EWASs ALSPAC at birth,
7, 17, 24 years, EWAS NTR children, EWAS NTR children without discordant twins,
and within-pair analyses of discordant MZ twin adults and children) that resulted in
379,924 methylation sites. We calculated Pearson correlations for effect estimates of
the top 100 CpGs ranked by p-value from one analysis with the effect estimates of the
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= 0.0003.
Differentially methylated regions. We used the R dmrff library36 for R to identify
regions where CpG sites showed evidence for association with handedness. Dmrff
region while adjusting for dependencies between the sites and uncertainty in the EWAS
effects (https://github.com/perishky/dmrff). In this study, dmrff was applied separately in
the NTR and ALSPAC cohorts, and then used to identify DMRs in common between
the cohorts by meta-analysis. As previously described36, DMR meta-analysis preceded
calculating DMR statistics for these candidates in each cohort separately, and then metaanalysing the DMR statistics across the two cohorts. The DMR effect size is a weighted
sum of the EWAS effects for each CpG site (i.e. methylation differences between LH
and RH). All dmrff p-values were adjusted for multiple tests (Bonferroni adjustment) by
(Padj < 0.05) including at least two CpG sites within a 500bp window observed to be
nominally associated with handedness by EWAS (P < 0.05). The average absolute DNA
methylation difference in the region between left-handers and right-handers is calculated
the number of CpGs. We plotted the DMRs with the coMET R Bioconductor package70
to graphically display additional information on physical location of CpGs, correlation
included genes Ensembl, CpG islands (UCSC), regulation Ensembl).
GWAS follow-up. GWAS follow-up analyses were performed to examine whether CpGs
within a 1 Mb window of loci detected by the GWAS for left-handedness13, on average,
showed a stronger association with left-handedness than other genome-wide methylation
GWAS meta-analysis without NTR, ALSPAC, and 23andMe by Cuellar-Partida et al.13
(196,419 individuals, NSNPs = 13,550,404), from which we selected all SNPs with a p-value
-08
-06
-05
, and determined the distance of each Illumina
450k methylation site to each SNP. To test whether methylation sites near GWAS loci
were more strongly associated with left-handedness, meta-analysis EWAS test statistics
were regressed on a variable indicating if the CpG is located within a 1 Mb window from
SNPs associated with handedness (1=yes, 0=no):
|Zscore| = Intercept +

category x

* Category x,

where |Zscore| represents the absolute Zscore for a CpG from the EWAS meta-analysis
of handedness; category x represents the estimate for category x, i.e. the change in the
EWAS test statistic associated with a one-unit change in category x (e.g. being within
1 Mb of SNPs associated with left-handedness). For each enrichment test, bootstrap
standard errors were computed with 2000 bootstraps with the R-package “simpleboot”.
was performed using GWAS summary statistics on a trait that is unrelated to handedness
– type 2 diabetes in UK Biobank cohort (N=244,890)43. GWAS summary statistics were
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downloaded from GWASAtlas (https://atlas.ctglab.nl/traitDB/3686; 41204_E11_logistic.
We looked up CpG sites associated with handedness-associated SNPs with a p-value
-08
(based on the GWAS meta-analysis by Cuellar-Partida et al.13 without 23andMe,
NTR and ALSPAC, resulting in a list of 420 SNPs) using the mQTL database maintained
by the Genetics of DNA Methylation Consortium (GoDMC, N=27,750 European samples;
http://mqtldb.godmc.org.uk/about)44. We then checked if associations with handedness
were observed for these sites in our EWAS meta-analysis and DMR meta-analysis.
EWAS follow-up. To examine previously reported associations for epigenome-wide
the regions in the EWAS Atlas71 (https://bigd.big.ac.cn/ewas/tools; accessed on August
1 2020) and EWAS catalogue72 (http://www.ewascatalog.org; access on November 1
2020).
Polygenic and methylation scores. Polygenic scores (PGS) for handedness were
calculated based on the GWAS meta-analysis without 23andMe by Cuellar-Partida et
al.13. To avoid overlap between the discovery and target samples, summary statistics
without NTR and ALSPAC were requested (196,419 individuals, NSNPs = 13,550,404). The
linkage disequilibrium (LD) weighted betas were calculated using a LD pruning window of
250 KB, with the fraction of causal SNPs set at 0.50 by LDpred73. We randomly selected
2500 2nd degree unrelated individuals from each cohort as a reference population to
calculate the LD patterns. The resulting betas were used to calculate the PGSs in each
dataset using the PLINK 1.9 software. All PGSs were standardized (mean of 0 and
standard deviation of 1). Methylation scores (MS) were calculated in NTR based on
EWAS summary statistics obtained from ALSPAC, and vice versa, as previously done
to create methylation scores for BMI and height74. We calculated same-tissue sameage DNA-methylation scores based on methylation data from NTR adults (blood) and
ALSPAC parents (blood), and cross-tissue DNA-methylation scores based on data from
NTR and ALSPAC offspring, with DNA methylation measured in buccal cells, and blood,
respectively (see Figure 1). For each individual, a weighted score sum was calculated
for left-handedness by multiplying the methylation value at a given CpG by the effect size
of the CpG ( ), and then summing these values over all CpGs:
DNA methylation score (i) =

1

*CpG1i +

2

*CpG2i … +

n

*CpGni,

where CpGn is the methylation level at CpG site n in participant i, and

n

is the regression

scores were standardized (mean of 0 and standard deviation of 1). We used weights
from summary statistics of EWASs in four cohorts: NTR adults, ALSPAC adults, NTR
children, ALSPAC offspring at 7 years old. Subsets of CpGs to be included in methylation
-1
-3
-5
. We analysed the
predictive value of the left-handedness polygenic scores and methylation scores in NTR
and ALSPAC adult and child cohorts from our EWAS study. To quantify the variance
explained by the PGS and MS, we used the approach proposed by Lee et al.75, where
2
) for binary responses are calculated on the liability scale.
The equations of all models are provided in Appendix 2 in Supplementary material.
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at 0.05.
Ethics statement. All methods were performed in accordance with the Declaration
of Helsinki. For NTR, the study was approved by the Central Ethics Committee on
Research Involving Human Subjects of the VU University Medical Centre, Amsterdam,
(IRB number IRB00002991 under Federal-wide Assurance FWA00017598; IRB/institute
codes, NTR 03-180). All subjects provided written informed consent. For children, written
informed consent was given by their parents. For
, ethical approval for the study
was obtained from the ALSPAC Ethics and Law Committee and the Local Research
Ethics Committees. All subjects provided written informed consent. For children, written
informed consent was given by their mothers.
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Abstract
There are substantial differences, or variation, between humans in aggression,
with its molecular genetic basis mostly unknown. This review summarizes
knowledge on the genetic contribution to variation in aggression with three foci:
(1) a comprehensive overview of reviews on the genetics of human aggression,
(2) a systematic review of genome-wide association studies (GWASs), and (3) an
automated tool for the selection of literature based on supervised machine learning.

related traits”) included anger, antisocial behaviour, conduct disorder, and
databases, manually and using a novel automated selection tool, resulting in 18
reviews and 17 GWASs of aggression.
Heritability estimates of aggression in children and adults are around 50%, with
-05
were reported as suggestive (P
-08
-05
(P
). Nominal associations (P
) were found in gene-based tests for
genes involved in immune, endocrine, and nervous systems. Associations were not
replicated across GWASs. A complete list of variants and their position in genes and
chromosomes are available online. The automated literature search tool produced
literature not found by regular search strategies. Aggression in humans is heritable,

association studies have been carried out yet. With increases in sample size, we
expect aggression to behave like other complex human traits for which GWAS has
been successful.
In 2021 the study was updated with two reviews, a new study of GWAS, review of
epigenome-wide association studies and omics domain prepared for publication
Odintsova VV, Hagenbeek FA, van der Laan CM, van de Weijer S., Boomsma DI.
Genetics and epigenetics of human aggression. In: Handbook of Clinical Neurology.
Brain and Crime (Eds. Swaab J.T.). Elsevier (2022) (in press). The updates are
indicated in the text.

Published as: Odintsova V.V.*, Roetman P.J*, Pool R., Ip H. F., Van der Laan C.M., Tona
D.K., Vermeiren R.R.J.M., Boomsma D. I. (2019). Genomics of human aggression: current
state of genome-wide studies and an automated systematic review tool. Psychiatric Genetics,
29(5): 170-190.
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Introduction
Aggression is a common type of human behaviour1 and is considered a characteristic that
is shared by all humans2. The propensity for aggression, however, varies considerably
between individuals. This paper addresses the question to what extent the variation
a behaviour that intends to cause physical or emotional harm to others3. High levels of
aggression are also seen in individuals with severe mental disorders (e.g., autism, bipolar
disorder, schizophrenia) as well as in patients with (rare) Mendelian disorders4. Because of
the large impact of aggression on the affected individual, their families, their environment,
and society as a whole, there is a substantial interest in studying aggression from a wide
range of disciplines. In this context, one goal is to unravel the aetiology of aggression by
identifying environmental exposures and biomarkers, including genetic factors, epigenetic
marks, and metabolites, that could function as predictors of (excessive) aggression5.
Research often focuses on the pathological aspects of aggressive behaviour, while
aggression does not solely have negative consequences or outcomes. Under certain
competing for limited resources, like food or mates6, or achieving social dominance7.
Aggression can further be a powerful deterrent against aggressive behaviour from others.
Because both high and low levels of aggression can be detrimental to survival and
procreation, it has been postulated that aggression is under stabilizing selection, implying
estimates have indeed been reported in animals8 and humans, as reviewed below.
circumstances and also vary across cultures9. For example, predatory goal-oriented
aggression has been associated with social dominance in some instances10–12, but this
association seems to vary between groups that are more prosocial and groups that consist
predominantly of individuals with disruptive behaviour problems13. A decrease in social
status can also result from aggression, in particular from reactive aggression, which is an
uncontrolled type of aggression stemming from internal or external frustration. In reverse,
party is less likely to engage in another aggressive act14,15. To differentiate between different
outcomes of aggression, researchers have distinguished aggression subtypes (e.g. reactive
vs. proactive; overt vs. covert), developmental stages (childhood vs. adolescent onset),
disorder (ADHD)). In summary, the outcomes and types of aggressive acts can differ
greatly between persons and circumstances, and need not always be dysfunctional.
At the start of the 1990s, research on aggressive behaviour was given a new impulse
by a seminal paper of Brunner et al.16, in which a Dutch pedigree was described where
men exhibited impulsive aggression, arson, violence, and borderline mental retardation.
The family appeared to have a rare point mutation in the structural gene for monoamineoxidase-A (MAOA) – which codes for an enzyme that is involved in the oxidative
deamination of neurotransmitters like dopamine, serotonin and norepinephrine – resulting
17
, compared variants of the
MAOA gene in children who experienced maltreatment and showed that children with
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the variant resulting in lower levels of the MAOA enzyme were more likely to develop
either without replication18,19 or with replication20–22. Nevertheless, the studies of Brunner
and Caspi stressed the importance of biological factors in the development of aggression
and ASB. This instigated extensive efforts to study the genetic basis of aggression.
Enormous progress has been made with respect to technology in molecular biology
and large-scale genotyping, as well as in the development of statistical methods for
genetic association studies and polygenic scores for individual risk assessment, once
23
. Costs for genotyping and
sequencing of DNA, the epigenome and of RNA, and biomarker assessment, such as
metabolomics, have steadily decreased, allowing for large studies, relating aggressive
behaviour to genome, epigenome, transcriptome, and other biomarkers24. Progress also
environmental exposures in space and time25.
Genome-wide association studies (GWAS) provide a conceptual framework to examine
whether individual differences in aggression are associated with allelic differences in
millions of single nucleotide polymorphisms (SNPs) across the genome26. Because a
GWAS targets the entire human genome, it enables a data-driven approach to identify
loci of interest. This hypothesis-free approach could potentially help researchers to
overcome limits imposed by multifactorial nature of a trait and incomplete understanding
of its physiological basis.
Here we synthesise knowledge deriving from studies on genetics of human aggression
and variance in liability to aggression-related traits. Our review has three foci: (1) to give
a comprehensive overview of reviews already done on genetics of human aggression,
(2) to carry out a systematic review of GWAS studies on human aggression, and (3)
to introduce an automated systematic review for the selection of relevant literature,
based on supervised machine learning. For consistency, in this review, we will use the
refer to the terminologies used by different authors (see Box 1), including anger, hostility
dimensions, parent-reported child aggressive behaviour, physical aggression, antisocial
(ODD), and antisocial personality disorder (ASPD).

Methods
To optimize detection of the relevant literature for our review, we incorporated two
strategies:
1.
relevant articles from literature databases.
2.

An automated screening with Automated Systematic Review Software (ASR) where
relevant articles were detected via the utilization of machine learning algorithms and
a software development platform.
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Concept
Reactive/hostile/
affective/impulsive
aggression
Proactive/
instrumental/premediated aggression

Angry or frustrated responses to a real or perceived threat (Tuvbald and
Baker, 2011)
Aggressive response to a perceived threat or provocation (Waltes, 2016)
Planning, the motive of the act extends beyond harming the victim (Tuvbald
and Baker, 2011)
Planned antisocial behavior that anticipates a reward or dominance over
others (Waltes, 2015)

Indirect/relational
aggression

Intentionally causing pain or harm to the victim (Tuvblad and Baker, 2011)
Relational social manipulation such as gossip and peer exclusion (Tuvblad
and Baker, 2011)

Chronic physical
aggression

Tendency to use physical aggression more frequently than the large majority of
a birth cohort over many years (Tremblay et al., 2018; Provencal et al., 2015)

Externalizing behavior

Behavior that directs problematic energy outward and is expressed
unacceptable actions (Anholt and Mackay, 2012)

Aggression and
anger-related traits
associated with
suicidal behavior

Anger can be conceptualized as a core construct of related traits or variables
inwardly and/or outwardly expressed such as aggression, rage, and hostility
(Spielberger et al, 1985 cite: Baud, 2005)
Aggression and anger-related traits are considered risk factors for suicidal
behavior (Baud, 2005)

Aggression related
phenotype

A dimensional trait including externalizing behavior, anger, delinquency,
criminality, violence or a diagnostic category (conduct disorder, oppositional
(Fernandez-Castillo and Cormand, 2016)

Frustrative non-reward
aggression
Defensive aggression
Offensive (or
proactive) aggression

Behaviors that correspond to the withdrawal or prevention of reward
Behaviors caused by the perception of an immediate threat, which have the
goal of eliminating the threat
Instrumental behaviors aimed at achieving a positive goal, often in the face
of competition or in the context of social hierarchies
(RDoC (National Institute of Mental Health); Veroude et al., 2016)

Aggression as
behavior category in
conduct disorder (CD)

CD is a developmental disorder characterized by a consistent pattern of
externalizing behavior, developing during childhood or adolescence, where
an individual displays aggression toward people or animals, destroys
property, exhibits deceit by lying or stealing, and/or seriously violates
societal rules or norms (DSM-V)
Conduct disorder is a psychiatric disorder of childhood and adolescence
characterized by aggression toward people and animals, destruction of
property, deceitfulness or theft, and serious violation of rules
(DSM-V (American Psychiatric Association, 2013); Salvatore et al., 2018)

Antisocial behavior
Aggression as
violence
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Traditional approach
Search strategy
Search terms were developed by the authors based on prior literature and discussions
with an expert librarian (J.W.S) from the LUMC. A literature search was performed in
PubMed, Embase, Web of Science, Cochrane library, PsychInfo and Academic Search
Premier with a comprehensive list of general search terms and medical subject headings
(Supplement S2). Searches were conducted separately for reviews/meta-analyses
conducted in mid-April 2019.
Selection criteria
A selection was made from all titles and abstracts that were found in the databases
Table 1). Articles were included if
they (1) were written in English and (2) focused on human aggression. Studies were

of disease (e.g. aggressive cancer), or (3) articles discussed only a single gene.
Psychiatric disorders, which incorporate acts of aggression and are highly correlated to
aggression and antisocial lifestyles, like ODD, CD, and ASPD, were included. Articles
referring to associations between genetic data and other (neuro)psychiatric disorders as
main outcome (e.g. psychosis, borderline personality disorders, schizophrenia, bipolar
ADHD, and addictions) were excluded. This increased the probability that the genetic
with other psychiatric disorders. Articles referring to aggression from the perspective of
victimization and bullying were excluded. The publications were reviewed independently
by two authors (V.V.O and P.J.R.), and when in doubt other co-authors were consulted
until consensus on inclusion was reached.
Selection procedure and analyses
The search on review/meta-analyses resulted in 1 713 records (Figure 1). Duplicate
entries were removed (N=27). Next, 1 660 records were excluded based on screening
the titles and abstracts. In total, 26 potentially relevant reviews were retrieved for a
excluded from the analysis (N=12), leading to the inclusion of 14 articles. Four additional
reviews were added through the automated selection, leading to a total of 18 articles – 13
targeted and 5 systematic reviews. These were organized into the following categories:
(heritability, candidate gene, GWAS), population (children, adolescents, adults), quantity
and period of the publications included in the reviews (parameters are made on the
basis of reference lists with inclusion of publications on the aggression-related traits),
described genes and main conclusions.
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Automated Systematic Review

Traditional strategy
Manual selection of reviews

n=1 713

Automated review screening
(vs.manual)

Traditional strategy
Manual selection of GWASs

Automated GWASs screening
(vs.manual)

n=1 713

n=356

n=1 081

n=243

n=356

n=27
and abstracts
n=356

and abstracts
n=1 686
n=1 660

n=331

n=25

n=26

Automated screening

based on

based on
n=8

n=12
Records based on
n=14

n=17

n=14 400

n=828

3

4
N=18

n=4

n=6 469

N=17
n=3

Figure 1. Flow diagram of literature selection
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TABLE 1.
Inclusion and exclusion criteria for the systematic review

Language

English

Non-English

Population

Human studies (all ages)

Animal studies

Psychological/psychiatric
Psychiatric disorders

Discussion of genes

Disease characteristics (e.g. aggressive cancer,
aggressive form of somatic diseases etc)
ODD, CD, ASPD
Victimization, victims of bullying
Other neuropsychiatric and psychiatric disorders
(e.g. psychosis, anxiety etc)
At least 2 genes associated No genetic methods and information on genes
with aggressiona
associated with aggression

a This was done to exclude reviews focussing on a single candidate gene

The search for GWASs on aggression resulted in 356 records. A total of 331 were
excluded based on screening of the titles and abstracts. This led to the retrieval of 25
N=8), leading to the inclusion of 17 GWAS articles.
Three additional studies were selected from the automated selection, including one SNPheritability and two linkage studies. The studies were analysed by phenotype, sample
characteristics, SNPs or genetic variants associated with aggression-related traits at P <
1x10-05, genetic variants position in genes and chromosomes.
27

adjusted for the fact that they performed three genome-wide association meta-analyses
P=1.67x10-08, whereas
others did not apply such a correction. This threshold might be overly conservative as
P-values nonindependent across GWAMA.
P=5.0x10-08 for all studies, and
denote any SNP with a P
the traditional threshold might be too lenient in this context, we note that, when discussing
GWASs, the P-value of a SNP in any given study is of less relevance than replication
across GWASs.
Automated titles and abstracts screening
In parallel with the manual selection of titles and abstracts, another selection was made
software hosted at https://github.com28. This software allows for automated in- and
exclusion of articles for systematic reviews based on the titles and abstracts of articles.
screening on performance characteristics (e.g. time spent on selection, false negative
results). Furthermore, an additional selection was performed with the ASR on a large
dataset of references to retrieve any new additional papers to our review, which would
have been missed in the traditional search strategy (Supplement S3).
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We trained a model using ASR. To do so, the model requires a training set based on
expert knowledge, consisting of papers that are either labelled relevant or non-relevant
(labels 1 = included, 0 = not) (see Supplement S3: Figure S3.1). To study the operating
characteristics of the ASR, we used a dataset (N=2955) consisting of relevant and
nonrelevant articles on the genetics of human aggression, as labelled by researchers.
From this labelled dataset (N=2955), 500 records were repeatedly drawn at random as
training sets. The number of relevant records in the training sets varied between 10 and
80 (e.g. 10 relevant records vs. 490 nonrelevant records), in increments of 10. These
sets were used to train models to include relevant records and exclude nonrelevant
records. For each model, we computed receiver operating characteristic parameters that
were then used to select the optimal model (see Supplement S1: Table S3.1, Figure
S3.2). We selected the model that returned the lowest false positive rate (FPR) while
allowing for a maximum false negative rate of FNR = 0.03 at most. Note that FNR = 0.03
corresponds with a true positive rate of TPR = 0.97.
of genetics of human aggression (1 713 records); (2) GWASs on human aggression
(356 records); (3) searches 1 and 2 combined (2 069 records) to analyse parameters of
automated selection in comparison to manual selection.
Training sets were provided to the ASR for the reviews on aggression (26 relevant
records out of 1713 [1.5%]) and the GWASs on aggression (25 relevant records out of
356 [7.0%]) (see Supplement S3: Table S3.2). The automated selection predicted 1 018
records out of 1 713 (59.4%) as relevant for reviews (including all prelabelled positives:
TPR = 1.0; FPR = 0.59) and 243 records out of 356 (68.3%) for GWAS (including 24
prelabelled positives: TPR = 0.96; FPR = 0.66). Automated selection predicted 1 261
records out of 2 069 (60.9%) as important (including 50 prelabelled positives: TPR =
0.98; FPR = 0.60). The workload for manual selection was ~60 hours. This means that
for the applied model and these set(s), the reduction in workload is expected to be ~23.5
hours. By allowing for a higher FNR in model selection, the workload could be reduced
even further, although at the expense of missing more true positives.
Our automated selection repeated the traditional manual search with inclusion rates
(100% for reviews [58.8% false positives], 96.0% for GWASs [66.2% false positives],
98.4% for reviews and GWASs combined [60.0% false positives]), 0 cases were false
negatives for reviews, 1 case for GWASs, and 1 case for reviews and GWASs combined.
additional search terms and time limitation (14400 records) to detect new contributions
to the systematic review, resulting in 55.8% included records. Exclusion of duplicate
records resulted in 6469 records. From these, four reviews were added to the overview
of reviews on aggression, and one SNP-heritability and two linkage studies were added
These seven studies were detected only by the ASR approach and did not appear in the
traditional approach.
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Results
We included 18 reviews on the genetics of human aggression in our analyses, each
covering different periods and including varying numbers of studies (Table 2). The
reviews cover more than 2000 studies on aggression.
What is considered to be aggression?

Box 1), which also
include potentially nonaggressive behaviours like rule-breaking behaviour29, to a narrow
focus on chronic physical aggression30. Other reviews and studies focus more explicitly
acts and are correlated to ASB2,31. One review incorporated the analysis of genetics of
aggression in suicidal behaviour32

33

tolerance and risky behaviors and externalizing behaviors34,35.
Several authors proposed a focus on more homogeneous or dimensional constructs
of aggression2,29,30. A dimensional construct is in line with the conceptualization that
pathological aggression is situated on the extreme ends of a normal distribution2. Some
predominantly driven by variations within normal, adaptive levels of aggression36.
However, if pathological levels of aggression are indeed the extreme end of a continuous
phenotype, the same genetic and environmental factors should apply to both the normal
range and extremes of the distribution.
In the end, concerns regarding heterogeneity and the impact of different phenotype
of psychiatric disorders such as depression37. Such questions can be resolved, once
well-powered GWASs are available, by estimation of genetic correlations among different
of twin and family data. For example, Hendriks et al.38 analysed twin data collected by
multiple instruments, commonly employed to measure aggression in children. While
phenotypic correlations between different aggression scales could be low, a genetic
multivariate analysis of these data showed high genetic correlations among different
instruments. Such observations mean that different instrument tap into the same genetic
liability and could be analysed simultaneously in GWAS.
Reviews that propose some sort of differentiation among aggressive behaviours often
return to a distinction between reactive and proactive aggression. Reactive aggression
is commonly described as impulsive and defensive, while proactive aggression is
considered predatory and premeditated. Both types of aggression may involve similar
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Type of studies included

N papers with
trait-related
studies

Taxonomy of aggressive behavior
(phenotype)
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TABLE 2.
Reviews on genetics of human aggression

Samples

Heritability studies, CGS

91

Limited discussion of genetics studies of
aggression, impulsivity and anger-related
traits in suicidal behavior

Humans

Heritability studies (twins, adoption,
family)

117

Antisocial behavior

Humans (children,
adolescents, adults)

Craig and Halton, 2009

Heritability studies, CGS, GWAS

117

Human aggressive behavior; instrumental
(proactive) and reactive

Humans

Tuvblad and Baker,
2011

Heritability studies (twin and adoption
studies), CGS

138

Human aggressive behavior

Humans (children,
adolescents, adults)

Anholt and Mackay,
2012

CGS, GWAS

127

Aggression as quantitative trait, pathological
aggression (in substance abuse, psychiatric
disorders, Alzheimer), externalizing behavior

Humans and animals

Vassos et al., 2014

CGS

185

Aggression and violence (categorical and
continuous outcomes)

General population and

Provencal et al.., 2015

Heritability studies, CGS, GWAS, EWAS

176

Chronic physical aggression

Humans and animals

Zhang-James and
Faraone, 2016

CGS

524 OMIM
records

Aggressive and antisocial behavior, CD

Humans

Fernandez-Castillo and
Cormand, 2016

CGS, GWAS, pathways and functions

198

Aggressive behaviors including aggression
traits (aggressiveness, impulsive aggression,
anger, externa-lizing behavior, violence,
delinquency or criminality) or diagnostic
categories (OD, CD, ASPD, CU, and
psychopathy)

Humans

Veroude et al., 2016

Heritability studies, animal models,
CGS, GWAS

378

Waltes et al., 2016

Heritability studies, animal models,
CGS, GWAS, EWAS

248

Humans (children,
RDoC: frustrative non-reward, defensive and
offensive (or proactive) aggression. ODD, CD, adolescents, adults)
and animals
APD
Humans
Human aggressive behavior, reactive
(impulsive) and proactive (pre-mediated)
aggression

Baud, 2005

Table 2. (continued)

Review

Type of studies included

N papers with
trait-related
studies

Taxonomy of aggressive behavior
(phenotype)

Samples

Manchia and Fanos,
2017

CGS, GWAS, epigenetic, metabolomic,
microbiome association studies

87

Aggression in mental illness

Humans

Beaver et al., 2018

Heritability studies, CGS, GWAS

40

Antisocial behavior, aggression, violence

Humans
Human (children, adolescents) and animals

Heritability studies (twin studies, adoption studies), CGS, epigenetic studies

123

Davydova et al., 2018

Heritability studies, CGS, GWAS

78

Aggressive behaviour

Humans (children and
adults)

Salvatore and Dick,
2018

Heritability studies, CGS, linkage,
GWAS, GxE studies, rGE studies,
epigenetics

96

Conduct disorder

Humans

Gard et al., 2018

Heritability studies, CTG, GWAS (metaanalyses)

56

Antisocial behavior, including aggression,
violence and rule-breaking

Humans

Gescher, 2018

Epigenetic studies, EWAS

16

Antisocial traits, aggression, impulsiveness

Humans

Barr and Dick, 2020

GWAS, PRS

82

Externalizing behaviors/disorders such as
alcohol or substance misuse, antisocial
behaviors, aggression, and risk taking

Humans

CGS, candidate gene studies; GWAS, genome-wide association study; EWAS, epigenome-wide association study; PRS, polygenic risk score; GxE, genome-environment
interaction; rGE, genome-environment correlation; OMIM, Online Mendelian Inheritance in Man; RDoC, research framework for investigating mental disorders; ODD, oppositional
Note: Updated by Odintsova et al, 2022 (in press) with addition of Gescher, 2018, and Barr and Dick, 2020.
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Tremblay et al., 2018

Physical aggression
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biological systems. The aminergic systems (e.g. serotonergic, dopaminergic) have been
proposed as likely to regulate both forms of aggression39. Interestingly, Runions and
colleagues40 argue that researchers studying reactive and proactive forms of aggression
premeditated) and propose that predatory aggression can also be impulsive in nature,
after a longer period of time, referring to reward instead of revenge.
The developmental aspect of aggression is a major theme in reviews1,2,39,41–43. Age of
onset is often mentioned as an important differentiating factor for subtypes of antisocial
behaviour, with aggression usually already present in early childhood, while rule-breaking
behaviour and delinquency usually develop during adolescence. Tremblay44 proposes
a developmental framework of aggression among a covert/overt axis and a second
destructive/nondestructive axis as the most viable constructs to subtype disruptive
Children who display destructive and overt disruptive behaviours, especially those
exhibiting chronic physical aggression, experience more risk factors early in life, engage
in aggression from a young age, and have a more persistent developmental course of
aggression and ASB. A differentiation on age of onset is considered especially relevant
in reviews which include epigenetics. Epigenetic changes may be triggered by early life
adversity30,42,45,46
DNA polymorphisms47.
In research, aggressive behaviour often is measured by questionnaires, such as the
Achenbach System of Empirically Based Assessment scales (ASEBA48, the Strengths
49
, or the Buss Durkee Hostility Inventory (BDHI50).
related to aggression, but would not be considered aggression based on item content.
For example, the ASEBA Aggressive Behaviour scale of for children contains items like
can also derive from observational studies, especially in younger children, and some
experimental paradigms are available to measure aggression in across wider age ranges.
Such experiments can, however, not cover the full spectrum of aggressive behaviour
and, perhaps even more critically, cannot be applied in epidemiological samples.
There is a divergence between measurement of aggression in research projects
are used as tools by clinicians, but the presence of these behaviours is mostly determined
by interviews with the patient, and others who know the person (e.g., parents, teachers),
aggressive behaviours or disorders, which are correlated to aggressive and antisocial

absent, largely ignoring the dimensional nature of human behaviour. In genetic studies,
a focus on the dichotomy rather than on continuous variation, may lead to a loss of
statistical power51.
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Another important question, especially in clinical settings, is when aggression becomes

contrast, other aggressive behaviours are less clearly considered pathological, because
they occur to some extent in all individuals, like anger or hostility. This even is the case for
some aggressive behaviours which are part of disruptive behaviour disorders (e.g., ODD:

occupational functioning.
Approaches in genetics of aggression studies and the current status quo
There are several designs to study the genetic aetiology of aggression, with the two
major ones being genetic epidemiological/behavioural genetic approaches on the one
hand and molecular genetic approaches on the other (Figure 2). Behavioural genetic
studies have a long and successful history52. More recently, molecular genetic studies
have seen enormous breakthroughs with the development of techniques like GWASs26,53.
Behavioural genetic approaches
Numerous studies focused on explaining the aetiology of aggression and ASB through
family, twin, and adoption studies, which can disentangle genetic and environmental
liability to a disorder, into genetic and non-genetic components. The genetic variance

same family (C), creating resemblance of family members through environment rather
than through genetics, and a unique or non-shared environmental component (E).
54
. Unsystematic
explicitly modelled. In general, reviews indicate that additive genetic factors explain
around 50% of the variability of aggressive behaviour1,29,55,56. The estimate varies around
50% across studies, with some reviews reporting somewhat higher heritability estimates
(65%) and others giving estimates for aggression and ASB that vary more (e.g., 38%88%2; 28%-78%1). Physical aggression seems to show larger heritability estimates
(65%) than reactive (20-43%) and proactive aggression (32-48%), while rule-breaking
behaviour, which is often aggregated with aggression indices, also shows a heritability
around 50%39,57. Heritability estimates of aggressive behaviour were higher in children with
stable callous unemotional traits (81%) compared to children low in callous unemotional
traits (30%)57
aggressive tendencies57. Contributions of shared environment are relatively small and
decrease with age, with the vast majority of adult studies not reporting any shared
1,2,39
. Thus, research in behaviour genetics clearly indicates
that there is a substantial genetic component to aggressive behaviour in humans. In
longitudinal studies, heritability estimates of aggression and ASB increase somewhat
from childhood through adulthood1,2,39. Genetic factors also contribute to the stability of
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Figure 2. Behavioral genetic and molecular studies of aggression: interplay of genetic, epigenetic,
other omics, and environmental factors in aggressive behavior
Updated by Odintsova et al, 2022 (in press).

aggressive behaviour during preschool and school age, and puberty39,58. Measurement
on parent-report and teacher-report estimated as higher than those based on self-report
1
, but such studies are not available for younger children.
Unlike parent or teacher reports, observational studies more often give an assessment
of aggression at one particular moment in time only. Parent- and teacher-reports tend
to provide phenotype information that is more averaged over longer periods of time and
are similar in terms of heritability estimates. Parent-report leads to higher estimates of

When twins have different teachers, similarities between them tend to decrease. This
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of multiple children.
In summary, heritability is estimated consistently around 50%, with some variation that
may be due to different conceptualization of aggressive and ASBs, with more severe
types of aggression showing higher heritability.
Heritability estimates of aggression and antisocial behaviour may differ between
environments suggesting an interaction between genes and environment (GxE).
Proposed putative environmental moderators are familial adversity (e.g. maltreatment
and parental delinquency), social disadvantage (e.g., poverty and bad neighbourhoods),
violent media exposure, and alcohol use. Tuvblad and Baker1 argue that, compared to
behaviours in the presence of high environmental risk and disadvantaged environments.
are absent or less prominent. In one study, the moderating effects of neighbourhood

neighbourhood disadvantage59
environmental adversity on certain types of ASB, with aggressive behaviour showing less

of environmental risk. To illustrate, when young children were subjected to high levels
of maternal disengagement, genetic factors explained more variance in later conduct
problems39,60. An increase in heritability of externalizing disorders was also found when
young adults were exposed to a combination of risk factors (e.g. antisocial or lack of
prosocial peers, relationship problems with parents2,61).
Depending on the type of aggression, mean levels of aggression often are higher in
males than in females. Differences in heritability estimates, however, between males
and females are modest or absent. According to Tuvblad1, heritability did not differ
qualitatively (see also Vink et al.62). These studies mainly included mother-reports of
childhood aggression and heritability estimates were higher in males than in females
when self-report data were analysed39. It has been suggested that gender differences
in heritability become more pronounced from adolescence, which could be indicative
testosterone are related to increases in aggression in 12- to 25-year-old males55. This
would also suggest a possible role of genes related to androgen synthesis and function
in the development of aggression from puberty onwards.
the heritability of aggression and antisocial behaviour often reported to be around 50%41,

in the DNA sequence that are associated or causally related to the phenotype.
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Study

Phenotype

SonugaBarke
et al.,
2008

CD using PACS

Anney
et al.,
2008

CD using DSMIV criteria for CD,
PACS and CPRSR:L, gathered the
symptom on a less
severe behavioral
characteristic of an

Sample

Nvariants Ngenes

N=909 probands
in trio. Males
~87%. ADHD
diagnosis ~99%.
Age range: 5-17
years. European
Caucasian ancestry

18

N=938 probands
in trios. Males
~87%. ADHD
diagnosis ~99%.
Age range: 5-17
years. European
Caucasians
ancestry

54

per GWAS

Genes

7
PPM1K, ZBTB16

41
(proximal), CWD15 (proximal), KDM4D
(JMJD2D) (proximal); FLJ16077; RXFP1

Suggestive GxE interactions were
reported for 18 SNPs, of which 3
SNPs also showed a suggestive
main effect. For both the main and
interaction effects, no SNP reached

Suggestive associations were
reported for 54 SNPs. These SNPs
were located in 13 genes and/
or were within a 200kb window of

(proximal); YWHAZ (proximal); FLJ31818,
(proximal); ATP8B1 (proximal); MYRFL

individual.

association signals were observed
on Chr 13, 21, 11, 4, and 12

PKD1L2; c16orf46 (proximal); PKD1L3;
c5orf16 (proximal); c5orf15 (proximal);
FLJ39064; FZD10 (proximal); FLJ39063;
FZD9 (proximal); FLJ39062; FZD8 (proximal);

RBFOX1(A2BP1); GLT25D2 (proximal); RGL1
Viding
et al.,
2010

ASB/CU: Teacherrated conduct
problems and CU
traits using SDQ;
3-point scale

N=600 from twin
cohort (high- and
low-scoring of AB)
Males 69%. Age=7
years. Caucasian
ancestry.Replication
N=586. Males 71%.

0

0

Suggestive in replication (P=4,77E-05)
KCNMA1

In both the discovery and
replication study, no SNP reached
top SNPs were located near
neurodevelopmental genes such as
ROBO2 (P=4.61x10-03)
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Table 3. (continued)
Study

Dick
et al.
2011

Phenotype

CD: retrospective
report of DSM-IV CD
symptoms, natural
log as primary CD
measure

Sample

N=3,963 (Ncases=872,
Ncontrols=3091).
Age range: 18-77
years. European
Americans, African
Americans

Nvariants Ngenes
29

10

Genes

In a sample with mixed ancestry

European sample: were only
reported for the top 20 SNPs that

LOC343052; ERCC4
for the mixed analysis. None of the
SNPs were suggestively associated
with either phenotype within the
European sample.
Mixed sample with European and
African ancestry: 4 SNPs reached
CDsymp – but not for CDcc – two of
which were located inside C1QTNF7.

Merjonen Anger in hostility
N=2443. Males
et al..,
dimensions measured 46%. Age range:
2011
by the Irritability Scale 15-30 years.
of the Buss-Durkee
Followed up for 15
Hostility Inventory in years. European
four time points over a Caucasians ancestry
15-year interval
(Finnish population)

20

2
P<9x10-8: Chr 17: rs11656526,
closest gene
. Many
associations with anger approached
located close to genes
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not located near any gene

7

Study
Tielbeek
et al.,
2012

McGue
et al.,
2013

Sample

Phenotype
ASB according to
DSM-IV for CD
Cohort 1: nondiagnostic measure
covering seven items
related to antisocial
behavior, case status
was 3 symptoms or
more
Cohort 2: Diagnostic
measure of ASPD,
cases had a
diagnosis of ASPD
except for criterion
D (the occurrence of
antisocial behavior
is not exclusively
during the course of
schizophrenia or a
manic episode)

Combined sample
N=4816 (298 cases,
4518 controls).
Males 41%. Age
range cases: 18-74
years. Age range
controls: 18-77
years.
Australians

Behavioral
Disinhibition;
composite score
symptom counts for
CD, ASB, Dissocial
behavior, Delinquent
Behavior Inventory,
Aggressive underscore

N=7,188. Males
46%. Age: adults.
Caucasian ancestry

Nvariants Ngenes
22

12
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Table 3. (continued)
Genes
Only results for top 50 SNPs
were reported. No SNP reached
9 were suggestively associated
with DP. Out of these 9, 7 were
located within 4 genes. Suggestive
evidence for developmentally
expressed genes operant in
hippocampal dependent memory
and learning associated with CBCLDP is found

4

1

Genome-wide suggestive levels were
reached by 4 SNPs, tagging 1 gene

Table 3. (continued)
Study
Tiihonen
et al.,
2015

Mick
et al.,
2014

Phenotype
Violent offending;
at least one
sentence for
violent offence.
Extreme violent
offending; 10 or
more sever violent
crimes

Nvariants Ngenes

Violent offending: Ncases= 14
360. Males 94%.
Extreme violent
offending:
Ncases= 56. Males 97%
Ncontrols=5983. Males
57%
Age: mean(s.d.) =
29.4(8.2).
Finnish population

9

8
N = 8,747 from
Atherosclerosis Risk
in Communities Study.
Males 47%. Age
range: 45-64 years
European ancestry

5

Genes
Violent behavior:
(proximal); PRMD2 (proximal); PLCB1;
NXPH1 (proximal)
Extremely violent behavior: CDH13;

Angry temperament: FYN (proximal),

Predominantly
parent-reported child
aggressive behavior.
SDQ, CBCL, and
other (parent rated
questionnaires) in
different cohort

N=18,988; 9
cohorts. Age range:
3-15 years. North
European ancestry

76

P-values results from phenotypes
adjusted for principal components
representing genetic structure were used.
Four SNPs reached suggestive levels of

Angry reaction (P<6 x10-03): PHEX
MBOAT1(proximal), PLEK (proximal)

Pappa
et al.,
2016

Genome-wide suggestive levels for
violent behavior were reached by 10
SNPs, mapping to 6 genes. Additionally, 4
suggestive SNPs (3 genes) were reported
for extreme violent behavior

16

Overall:

Early childhood:
(proximal); LOC727982 (proximal)
Middle childhood/early adolescence:
LRRTM4 (proximal); LOC101927797

SNPs reached suggestive levels for angry
reaction P<6x10-03, tagging four genes.
Both scales were also dichotomized and
treated as case-control phenotype, for
which no SNP returned suggestive results
Meta-analysis of nine cohorts reported

169

SNPs reached suggestive levels for the
overall GWAMA. These SNPs are located
inside three genes and near three others.
10 and 31 SNPs reached suggestive
levels for GWAMA on early and middle
childhood/early adolescence AGG,
respectively. Some of these SNPs overlap
with the top hits reported in the overall
GWAMA. In total suggestive associations
were reported for 76 SNPs (66 unique)
located in or around 16 genes
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Angry
temperament and
angry reaction
measured by
SSTAS

Sample

7

Study
Rautiainen
et al.,
2016

Sample

Phenotype
ASPD (violent
criminals,
substance abuse,
maltreatment).
ASPD diagnoses,
SCID-II items for
DSM-IV

Nvariants Ngenes

6
N=6,220 (Cases 370,
Controls 5850). Males
59%. Age: mean (s.d.)
= 34.5(8.0); mean
ASPD
(s.d.) Controls = 55.0(13.2).
Replication N =
3939(Cases
173, Controls 3766).
Males 43%. Age: meand
(s.d.) ASPD = 34.2±9.2;
mean (s.d.) controls =
55.0±17.0. Finnish
population

1

Cross-sex:

Results based on meta-analysis
across discovery and replication
reported that for the cross-sex
GWAMA, 1 SNP reached genome~10Kbp away reached suggestive
levels. The closest gene to these
SNPs is
. In the malesuggestive levels, two of which are
the same ones as the SNPs reported
in the overall GWAMA. The other two
SNPs are within ~50Kbp

ODD. CPRS-R: L.

N=750 with available
ODD. Males 87.8%.
vindicative; irritable Age range: 5-18 years.
Case-control: low/ European Caucasian
moderate OPP vs
ancestry
irritable /severe
OPP

53

14

Brevik
et al.,
2016

Childhood
aggressiveness in
adult ADHD
Adult sample:
retroactive measure of
childhood symptoms
of ADHD.
Child sample: CPRSR:L, subdivided in

65

20

irritable dimension

Genes

Males only:

Aebi
et al.,
2016

N adults=1060
patients with
ADHD. N children=
750 with ADHD.
European
Caucasian ancestry
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Table 3. (continued)

ADAM12; MYLK2 (proximal); OR2AG1
(proximal), OR2AG2 (proximal); BCL2L1;

LOC101927464; NR_110053.1; H3F3A;
LOC105370057; ACBD3 (proximal);
LOC101929156; LOC105376469 (proximal);

Results based on multivariate GWAS
only reported that 53 SNPs reached
genome-wide suggestive levels,
which are located inside and/or near
14 unique genes

Results based on meta-analysis
across adult and children samples
reported that 65 SNPs – located in or
near 20 genes – reached suggestive
levels of associations. The strongest
signal was observed at rs10826548
on Chr 10 located within the
transcript of a long noncoding RNA
(P=1.07x10-06), closely followed by
rs35974940 in NTM (P=1.26x10-06)

Table 3. (continued)
Study
Tielbeek
et al.,
2017

Phenotype

Sample

Broad-spectrum
ASB. Development
and well-being
assessment, conduct
disorder scale, count
of the number of APD
criteria, rule-breaking
behavior, Teacher
report Form, Antisocial
Process Screening
Device, Retrospective
CD, SCID-II for DSMIV disorders, CBCL:
conduct problems
(reported by mother),
DSM-IV CD criteria

N=16,400. Males
47%.
Replication
N=9,381. Mean
age range across
cohorts: 6.7-56.1
years. Ancestry:
Mixed

marijuana?”

Genes

80
independent signals are reported.
The cross-sex GWAMA reports
20 suggestive associations, of
associations were found for the
two SNPs are located on Chr 1 and

association on the X-chromosome.
GWAMAs returned 37 and 20
suggestive associations, respectively.
In total 80 unique variants (64 SNPs)
were associated with ASB. ASB has
potential heterogeneous genetic
effects across sex
European ancestry
LPPR1; ARHGEF3; RARB; TMEM92; ERBB4;

European-American sample:
suggestive associations were found
for 76 variants, of which 7 were
structural variants. The 76 variants
implicate 11 genes

Replication N=89
African Americans.
Males 49%. Exposed
to cannabis use.
Age mean ~ 37-45

African ancestry

African-American sample: the top
SNPs included rs35750632 in
and rs17440378 in HTR2B.
Based both on its demonstrated
contribution to aggressive behavior
and functional annotation analysis,
HTR2B is suggested to be the
relevant gene
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N=2,185 African
280** 43
Americans. Males
61%. N=1,362
European Americans.
Males ~64%.
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Montalvo- Cannabis related
Ortiz et
physical aggression
al., 2018b assessed with the
question, “Did you
ever get into physical

Nvariants Ngenes

7

Study
Ip et al.,
2021

Phenotype
Childhood aggressive
behavior measured
by multiple assessors
and multiple tools

Sample
N=328,935
observations from
87,485 individuals.
Age range= 1.5 to
18 years. European
ancestry

Nvariants Ngenes
185

3

Chapter 7

172

Table 3. (continued)
Genes
Suggestive associations were found
(P< 10-5) for 185 SNPs. Gene-based
gene associations. All three genes
have been previously associated
with educational traits

From left to right, columns indicate (1) study, (2) phenotype description, (3) sample description, (4) number of (unique) associated SNPs/variants, (5) number of (unique) genes,
-05

P-value for SNPs (the lowest level if gene is associated with several SNPs). When gene name has a new name

intragenic.
0-08
-06
.
ASB, antisocial behavior; ASPD, antisocial personality disorder; BDHI, Buss-Durkee Hostility Inventory; CBCL, Child Behavioral Checklist; CD, conduct disorder; Chr,

Note: Updated by Odintsova et al, 2022 (in press) with addition of Ip et al, 2021.
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Integrating data on genetics of aggression from molecular genetic studies
Genetic linkage and candidate gene studies. Molecular genetic studies include genetic
linkage and association studies, either genome-wide or with a focus on a limited number
of candidate genes or candidate regions. In linkage studies, DNA markers are assessed
in related individuals to investigate the inheritance of markers with known chromosomal
locations together with aggression in pedigrees. Sometimes candidate regions to be
investigated are suggested from studies in other species. With the arrival of large scale
association studies, linkage studies, which require family-based designs, have become
less common, but early studies have suggested regions on three chromosomes that
could be associated with aggression. Dick et al.63 analysed retrospectively reported
childhood conduct disorder in an adult sample from COGA (Collaborative Study on
the Genetics of Alcoholism). Regions on chromosomes 19 and 2 may contain genes
associated with risk of CD. The same region on chromosome 2 has been linked do
alcohol dependence in this sample. Criado et al.64 in a linkage study of cortical evenrelated oscillations associated with ASPD and CD suggested that chromosome 1 may
contain a genetic locus for ASPD/CD.
Genetic association studies initially were candidate gene studies. These require a
priori knowledge of or hypotheses about which genes are implicated in the aetiology
of the trait of interest. For aggression, associations were considered for genes from
the serotoninergic (5-HTTLPR (5-hydroxytryptamine (serotonin) receptors),
(solute carrier family 6 member 4), and dopaminergic (dopamine receptors genes DRD4,
DRD2, DRD5, and
(solute carrier family 6 member 3)) and GABAergic systems
(e.g., genes that code GABA (gamma-aminobutyric acid) receptors, like GABRA2
(gamma-aminobutyric acid type A receptor alpha2 subunit)), as well as genes related to
catecholamine catabolism (MAOA (monoamine oxidase A), COMT (catechol-O-methylt
ransferase))2,29,42,43,57. Other studies focused on associations with the genes involved in
stress response pathways39,55; hormone regulation (e.g., AVPR1A (argenine vasopressin
receptor 1A))2,29,39,65; hypoglycaemia and insulin secretion55; and neuronal transcripts and
brain expression patterns8,39,55,57. Candidate gene studies have been criticised66, since it
powered GWAS67,68. It is likely that this also extends to studies of aggression, but the
status of the candidate genes for aggression must await well-powered GWASs.
that each explains a small proportion of the phenotypic differences. However, there
may be an overlap between genes of large effect underlying monogenic disorders and
those affecting continuous variability of related quantitative traits. Extending the idea of a
shared genetic basis between Mendelian disorders and polygenic traits, one alternative
approach based on the search for genes for aggression in studies of rare, functional
genetic variants associated with aggression phenotypes catalogued in Online Mendelian
Inheritance in Man (OMIM;4). Most of these genes had not been implicated in human
dopamine signalling) had been previously implicated in aggression. Among these genes,
only two were previously related to aggression (
(glutamate ionotropic
receptor AMPS type subunit 3). New associations were found with genes (e.g. CAMTA1
173
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(calmodulin binding transcription activator 1), APBB2 (amyloid beta precursor protein
binding family B member 2),
(DISC1 scaffold protein), and others), which implicated
in cell-to-cell signalling and interaction, nervous system development and function, and
mechanisms underlying aggression.
Genome-wide association studies
Genome-wide association studies (GWASs) investigate millions of Single Nucleotide
Polymorphisms (SNPs), under a continuous or dichotomous, case/control model. The
result is a list that, for every variant, indicates the expected increase in a trait (continuous)
or genetic liability (dichotomous) for every copy of an effect allele. Due to the large
-08 69
P
, to properly
control for the type I error rate. This adjusted threshold already considers the fact that
neighbouring SNPs are not inherited independently from one another. However, the
nonindependent inheritance of SNPs indicates that association tests between noncausal
SNPs and the trait of interest contain a part of the polygenic signal70. As such, even when
the other association tests. The weighted effects of all the genetic variants involved in
aggression could produce a polygenic risk score with a certain predictive value71.
Many reviews discussed a whole-genome approach to understanding aggression,
but only three have done so in a systematic manner2,29,39
for genes harbouring, or in close proximity to, variants that reached genome-wide
-08
-05
(P
) or nominal (P
phenotypes to date. These include aggression-related phenotypes, i.e. anger, hostility
dimensions, aggressive behaviour, physical aggression, ASB, violent offending, CD,
ODD, and ASPD.
To provide a complete picture of the GWAS literature available, we chose to include
ASBs (e.g. rule breaking) or personality characteristics (e.g. being suspiciousness and
being loud). These phenotypes can be found in Supplement S4. Most GWASs on
aggression were performed in child and adolescent samples of European ancestry, in
which aggression was assessed using rating scales (Table 3).
GWAS studies have mainly resulted in nominal associations between genetic variants
and aggression-related traits and disorders. Collectively, these studies reported 10
27,72–74
. Five of these variants are located inside or close
to four genes:
(long intergenic non-protein coding RNA 951)73, C1QTNF7
(C1q tumor necrosis factor-related protein 7)72,
(proteasome 26S subunit, nonATPase 1), and HTR2B (5-hydroxytryptamine receptor 2B)74
27,72
, 1372, 1 and X27.
In a mixed sample of subjects from European and African-American ancestry, three
SNPs inside C1QTNF7
substance dependence72. When the sample was split on the basis of ancestry, no SNPs
reached suggestive levels in the European-American sample. In the African-American
174
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-06
sample one out of the three SNPs reached suggestive levels (minimum P
),
-07
P
). C1QTNF7 is less
expressed in the brain, compared to such tissues as endometrium, gall bladder, lungs,
ovaries and 18 other tissues, and has a potential role in maintaining energy balance75.

In a study focusing on ASPD in Finnish criminal offenders, Rautiainen and colleagues73 found
-09
one hit (rs4714329, P
) in the cross-sex meta-analysis. This variant is in close
proximity to
(long intergenic non-protein coding RNA 951). The same SNPs
-07
P
).
of criminal behaviour. Montalvo-Ortiz and colleagues 74 found that SNPs located in the
-08
HTR2B (P=2.16x10-08) and
(P
cannabis-related physical aggression in African-Americans, but these SNPs did not reach
with greater impulsive decision-making and increased aggressive behaviour. Notably this
is the only GWAS study which focused purely on physical aggression.
Anney and colleagues76 listed 54 SNPs nominally associated with conduct problems.
These SNPs tagged 41 genes, three of which are with known functions and are involved
in the regulation of dopamine receptor D2 signalling (PAWR (pro-apoptotic WT1
regulator)), synaptic plasticity (
(kirre like nephrin family adhesion molecule
3)), and neuronal development (RBFOX1 (ral guanine nucleotide dissociation stimulator
like 1)). Sonuga-Barke and colleagues77, analysed interactions between CD symptoms
and maternal warmth. Nominal effects were found for SNPs located in genes involved
in brain maturation, neurotransmission, neuronal development and regeneration. Viding
and colleagues78 examined teacher-reported conduct problems in children and found no
-05
suggestive SNPs (minimum P
).
-07
For adult ASB79, the strongest signal was for a SNP (rs346425; P
) located
on chromosome 5. Salvatore and colleagues80 in an adult ASB sample observed the
-07
strongest association for rs4728702 (P
), located in ABCB1 (ATP binding
cassette subfamily B member 1) on chromosome 7 that may confer general risk
across a wide range of externalizing behaviours. Enrichment analyses further indicated
involvement of immune-related pathways. Two GWASs compared cohorts of Finnish
violent offenders to the general population73,81, and obtained association signals at genes
involved in neuronal development81 and adaptive immunity73.

Aebi and colleagues82 hypothesized that BCL2L1 (BCL2 like 1) is likely associated
regulation of neurotransmitter release and retrieval of vesicles in neurons. Brevik and
colleagues83 applying gene-based tests observed NTM (neurotrimin) as the top gene,
that is differentially expressed in aggression-related structures of the amygdala and the
prefrontal cortex in early stages of brain development.
Merjonen and colleagues84 saw suggestive associations for SNPs that lie inside genes
involved in the maintenance of high frequency synaptic transmission at hippocampal
synapses, and regulating synaptic activation (
(shisa family member 6)) in a
Finnish population sample. Mick and colleagues85 found associations for SNPs that
175
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Figure 3.
-05
aggression-related traits at P
on different chromosomes reported
in overviewed GWASs
Chromosomes are numbered according to length (indicated by number of base pairs under the x-axis). The x-axis shows
chromosome number and length (in base pairs). Nstudies = 18, Nvariants = 998. Updated by Odintsova et al, 2022 (in press).

lie inside or close to multiple genes, including LRRC7 (leucine rich repeat containing
7), involved in neuronal excitability and used as postsynaptic marker of hippocampal
glutamatergic synapse integrity, and
(stress induced phosphoprotein 1), involved
in astrocyte differentiation and highly expressed in the brain. A second GWAS by Mick
and colleagues86 observed a nominal association of proneness to anger with the gene,
potentiation (FYN (FYN proto-oncogene, Src family tyrosine kinase)). McGue et al.87
reported four SNPs associated with behavioural disinhibition including symptoms of CD
-06
and aggression, one of which (rs1368882; P
) was located inside the
regulating the expression of numerous genes.
Recently, two larger studies attempted to identify genes associated with aggression or
ASB by increasing power through the inclusion of multiple cohorts. Pappa and colleagues88
collected a sample of 18988 children of 3 – 15 years old for meta-analysis and reported
-08
P
). This locus is
in close proximity to two genes: LRRTM4 (leucine-rich repeat transmembrane neuronal
4), which regulates excitatory synapse development, and
(small NF90 (ILF3)
associated RNA H), which is implicated in the transcription process and is expressed in
neurons. They found 19 genes nominally related to aggression from gene-based tests,
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phenotypes such as human height, but variance explained for psychiatric phenotypes is
smaller. PGSs, based on the Ip et al.89 GWAMA, explained between 0.04% and 0.44% of
the variance in aggression of 7-year olds. Applications of PGS research on aggression
90

, demonstrated that PGSs based on
the discovery GWAS of aggression in children predict aggression across the life course,
al.91 used PGSs to demonstrate gene-environment interaction; a PGS for aggressive
behaviour was positively associated with incarceration risk, but only for participants who
were born into a home where neither parent had completed high school.
Epigenome-wide association studies *
EWASs have become feasible through DNA methylation microarray detecting
differentially methylated loci at cytosine-phosphate-guanine (CpG) positions in the
genome and applied to DNA extracted from different tissues. DNA methylation is one
of the epigenetic mechanisms that mediates effects of genetic variants in regulatory
regions on gene expression47,92
47
. The question of how environmental
addressed through studying epigenetic patterns related to different conditions and
traits93
smoking, and may be triggered by early life adversity30,42,45. Epigenetic changes can be
both cause and consequence of aggressive behavior94 95 and research designs such as
longitudinal studies or studies in discordant twin and sibling pairs are needed to shed
studies suggest that DNA methylation in some peripheric tissues may be useful to
investigate brain-based phenotypes such as aggression, as it is associated with central
nervous system methylation, e.g., in DNA extracted from peripheral blood95 and from
buccal cells96.
Epigenetic alterations in genes involved in neural function have been observed in
psychiatric disorders which incorporate aggression as a diagnostic criterion, such as
childhood disruptive behavior disorders97 and ASPD98. Small candidate gene studies and
EWAS (sample size <25) have provided some evidence that DNA methylation differences
in blood cells are associated with chronical physical aggression in children and adults99–102.
The larger EWAS performed with microarray technologies on Illumina 450k and Illumina
EPIC arrays found up to 16 more robust association at multiple testing correction (see
Table 4). These studies were performed in cord blood, blood cells, and saliva cells, and
94
, intermittent explosive disorder measured by
DSM-V and aggression scales103, childhood aggression measured with Child Behavior
Check List (CBCL)104, and adult aggression measured with ASEBA self-report105. The
functional analysis of the loci gives reason to suppose involvement of associated genes
in neuronal development, immune and endocrine systems, and metabolic processes.

* Added in updated version Odintsova et al., 2022 (in press)
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Van Dongen and colleagues105 analyzed data from 20 discordant monozygotic twin pairs
highly discordant for aggression measured by ASEBA, thereby controlling for age, sex,
birth year, genetic confounding, and confounding by perinatal and early life factors (e.g.,
maternal genotype, parental age, maternal lifestyle during pregnancy, breastfeeding,
same household, and nutrition). Aggression discordance was accompanied by small
DNA methylation differences in blood at loci that could be related to etiology of aggressive
behavior. CpGs showing a large difference in methylation were generally twin pairP-value were located more often than expected
by chance in or near genes related to various central nervous system processes.
The largest epigenetic meta-analysis to date combined genome wide methylation
data from 18 cohorts from different countries with data on aggressive behavior and
closely related constructs in 15,324 participants106. Sixteen CpGs showed a robust
association with aggressive behavior at stringent threshold for multiple testing correction
-7
at P
across the peripheral blood meta-analysis and combined meta-analysis

107
or behavioral traits in GWAS: FLOT1
),
(tubulin beta
107
class I) (schizophrenia ), and PLXNA2 (plexin A2) (general risk tolerance34). Several
other loci have functions in the brain, and six CpGs showed correlated methylation levels
between blood and brain. Interestingly, CpGs associated with aggressive behavior at
-5
P
have been associated with chemical exposures, smoking, cognition, metabolic
traits, and genetic variation. This suggests a role of the environment on molecular variation
associated with behavioral traits. However, causal relationships, the mediation role of
DNA methylation in gene x environment interactions in trait formation, and confounding
effects, as well as more robust DNA methylation signatures, remain to be unraveled.

Studies of human aggression in other omics domains *
Compared with (epi-)genetic studies, studies investigating the association of other omics
domains with aggressive behavior remain relatively rare. Here we give several examples,
describing a metabolomics studies for aggressive behavior108,109, a study that combines
a transcriptome-wide association study (TWAS) with proteomics for violence110, and a
microbiome study for violent behavior in schizophrenia111.
In a sample of 725 young adults, the association of 11 plasma metabolites with aggressive
behavior was tested and a negative association between 3-hydroxybutyrate and
aggression was reported, that was consistent across ages and raters, with both teacher
(age 12) and self (age 14) aggression ratings contributing uniquely to this association109.

concentrations of urinary metabolites and a number of classic biomarkers were assessed
in children scoring low and high on aggressive behavior108. In the discovery sample of
785 children, concentrations of O-phosphoserine and gamma-L-glutamyl-L-alanine had

* Added in updated version Odintsova et al., 2022 (in press)
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twins were seen. Validation in 183 clinical cases and 184 matched controls of the top 5
urinary biomarkers (gamma-glutamylglutamine, L-arginine, glyceric acid, creatinine, and
succinic acid) with congruent directions of effect in the discovery and replication analyses
A TWAS in cortical neurons and astrocytes, derived from induced pluripotent stem
cells (iPSC), of six incarcerated extremely antisocial and violent offenders, three
individuals with substance abuse, and six healthy controls, described 39 transcripts
that were differentially expressed in violent offenders110. In neurons, 2 genes (RPL10P9
(ribosomal protein L10 pseudogene 9) and ZNF132
upregulated in violent offenders when compared to healthy controls. When comparing
the violent offenders to healthy controls and individuals with substance abuse a further
RPL10P9 and MT-RNR2 (mitochondrially encoded 16S RNA), were upregulated in
cases compared to healthy controls, and a further 7 upregulated and 8 downregulated
genes were found when comparing violent offenders to all others. The strongest
expression differences were observed for the RPL10P9, ZNF132, CDH5 (cadherin 5),
and OPRD1 (opioid receptor delta 1) genes, and these genes explained 30%–92% of
the variance in psychopathic symptoms. This study also investigated the proteome and
phosphoproteome, i.e., those proteins that have received a phosphate group during
112
, in the iPSC-derived cortical neurons. These analyses
3 proteins and 7 phosphoproteins that were downregulated. The largest expression
differences were seen for OPCML (opioid-binding protein/cell-adhesion molecule),
(proteasome 26S subunit non-ATPase 3), PEG10 (paternally expressed 10),
and PCDH19 (protocadherin 19).
When comparing schizophrenia patients with violent behavior (N = 53) to patients
without violent behavior (N
decreased136
selected 10 and 5 metabolites as biomarkers for schizophrenia with violent behavior.
A study investigating differences in the gut microbial structure in schizophrenia patients
with (N = 26) and without violent behavior (N = 16), detected 59 differential microbial
taxonomic compositions between the groups using 16S rRNA sequencing111. Across
the class, order, family, and genus level many microbiomes were observed in patients
without violent behavior but not in patients with violent behavior.

Discussion
Aggression has a considerable genetic component, as indicated by decades of behaviour
covering GWASs on human aggression, only 4 out of 17 studies reported genome-wide
27,72–74
. In the reviews on aggression
and GWASs, several explanations are offered for the discrepancy between heritability
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7

P

-05

per EWAS performed with Illumina

450k and EPIC
Study

Phenotype

Van
Dongen
et al.,
2015

Aggressive
behavior,
ASEBA Adult
Self-Report

MontalvoOrtiz
et al.,
2018a

Sample

Tissue and
Platform of
DNA methylation

PBC,
N=2029. Males 31%.
Mean age at aggression Illumina
450k
measurement: 38 years.
PBC,
Mean age at blood
Illumina
sampling: 36.4.
450k
N=40 (Ncases=20,
Ncontrols=20). Monozygotic
twins discordant for
aggression. Males 15%.
Mean age at aggression
measurement 36.7 years.
Mean age at blood draw
34.5. The Netherlands
Twin Register
N=44 (Ncases=22,
Ncontrols=22). Males 52%.
Mean age 37.

NCpGs

Genes

8 at P<5x10-05
3 at P<5x10-05

threshold or FDR 5%. The two highest
ranking CpGs located on chromosomes 8
and 18.
threshold or FDR 5%. Differentially
methylated CpGs with methylation difference
>30% 24 CpGs, more than 15% 291 CpGs.
Top sites were close to
,
and PREP

PBC, 27 at P<5x10-05
Illumina
450k
YME1L1, FEZF2, KDELC2,

PRDM2, NR1H2, GBP4,
TMEM81, LOC100505921,
CPLX2, FN3KRP, BMPR1A,

threshold. Differentially methylated CpGs
at P<5x10-05 were associated with
system, endocrine system, and neuronal
differentiation
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TABLE 4.

Table 4. (continued)
Study

Cecil
et al.,
2018

Phenotype

Sample

Tissue and
Platform of
DNA methylation

Physical
aggression,
engagement in

Montalvo- CBCL
Ortiz
et al.,
2019

N=105 (Ncases 39%).
Males 44%. Age range:
9-15 years

Buccal
swabs,
Illumina
450k

Genes

4 at P<5x10-07
(top CpGs), DRD4
(differentially methylated
region)

Enrichment of top CpGs for a range of
biological processes, including axon
guidance, hormone metabolic processes,
behavioral regulation, dopamine receptor
signaling, cytokine secretion, and drug
response. One DMR in DRD4 gene was
concordance with both blood and brain. CpGs
within this region were also differentially
methylated in an independent sample of
adults with DNA methylation in blood

8 at P<5x10-07 HPCAL4
-7
), cg18438793 located within
HPCAL4 gene is of importance due to its
role in neuronal development and calcium

Other sites (P value range: 1x10-7 – 1x10-10)
are involved in axon guidance, myelination
and transcriptional regulation
van
Dongen
et al.,
2021
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CBCL,
SDQ, MNPI
aggression
scale, ASEBA
adult selfreport, DSM-IV
Conduct
Disorder
Symptom

N=15,324. 21 cohorts.
Males 45%. Age range
PBC: 7-68 years. Age
range cord blood: 4-7
years

PBC
+ cord
blood,
Illumina
450k,
EPIC

13 at
P<1.2x10-07

MYO1G,

with aggression in peripheral blood and
13 in the combined meta-analysis of blood
and cord blood (16 unique sites). 83% of
the FDR 5% CpGs from peripheral blood
EWAS showed the same direction of
association with childhood aggression, but
found. No CpGs were epigenome-wide
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N=119 (N0=88, N1 time
Buccal
=16, N2-5 times = 11, N>5times swabs,
= 4). High risk group.
Illumina
Males 47%. Age range:
450k
Youth Risk
16-24 years. Replication:
Behavior Survey adults based on DNA
(“During the
methylation in blood
past 12 months, T-cells
how many times
were you in a
”)

NCpGs

7

Study

Phenotype

Sample

Tissue and
Platform of
DNA methylation

Scale, MPQ
aggression
scale,
Hunter-Wolf
aggressive
behavior scale

NCpGs
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Table 4. (continued)
Genes

Top-CpGs have been associated with
chemical exposures, smoking, cognition,
metabolic traits, and genetic variation. At six
CpGs, DNA methylation variation in blood
mirrors variation in the brain. DRD4 region
(Cecil et al, 2018) was not replicated. DNA
methylation scores explained 0.29% of the
variance in aggression.

Aggression Questionnaire; CBCL, Child Behavioral Checklist; CPA, chronical physical aggression; DSM, Diagnostic and Statistical Manual of Mental Disorders; MNPI,
Multidimensional Peer Nomination Inventory aggression scale; MPQ, Multidimensional Personality Questionnaire; PBC, Peripheral blood cells; SBQ, Social Behavior
Note: Added in updated version Odintsova et al., 2022 (in press)
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estimates in behavioural and molecular genetic studies; for example, the heterogeneous,
context-dependent, and developmental nature of aggression, but foremost, small sample
sizes. Fortunately, these limitations can be remedied, and provide future directions for
research.
Heritability estimates are 50% for aggression (by Miles and Carey113), and 41% for ASB
(by Rhee and Waldman114
ASB115. Early linkage studies on aggression indicated as potential loci chromosomes 1
by Criado et al.64, 2, and 19 by Dick et al.63
The X- and Y-chromosomes did not give evident results, but note that these are often
excluded from GWAS projects27.

phenotypes for GWAS analyses. Some believe that reduction of phenotypic heterogeneity
8,40,116
. This view is supported by the
underpowered studies (Nrange from 2185 to 6220 participants) focus on individuals
72

, cannabis-induced physical aggression74, and criminal
offenders with antisocial personality disorder73
samples; exclusively male, with associations only in African-American subgroup74, and
predominantly male (89% of cases) and ethnically homogeneous73.
In contrast, other researchers propose a broader approach which includes more lenient
phenotypes117,118. This lenient phenotyping approach has already achieved success in
depression research, for example, although here the value of minimal versus broader
phenotyping is debated as well37. The three largest GWASs on aggression that were
covered by this review used broad measures of childhood aggression88,89 and ASB27.
chromosomes 2, 3, 6 and 17 (minimum P

-08

). Ip and colleagues89 reported 185

To identify 80% of all causal SNPs, depending on the extent of SNP heritability, between
105 and 107 (100 000 – 10 000 000) independent subjects would be required119. This
means that, with sample sizes 10 time less than the lower bound, current GWASs
were clearly underpowered. At present, several initiatives are under way to collaborate
in achieving larger sample sizes. One example of a large collaborative project is the
ACTION consortium (Aggression in Children: Unraveling gene-environment interplay to
inform Treatment and InterventiON strategies: http://www.action-euproject.eu/ ), which
has brought together over 30 cohorts with childhood data on aggression for GWAS,
EWAS and biomarker studies.
empirical questions, which are currently also being asked in other GWAS of psychiatric
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which include
(decaprenyl diphosphate synthase subunit 2),
(tripartite motif containing 27), MRC1 (mannose receptor C-type 1), MECOM (MDS1 and
EVI1 complex locus), and
(cancer susceptibility 17).
Another larger study by Tielbeek and colleagues27 focused on the broader ASB phenotype
P

-08

), but

-05
Thus, nominal genome-wide associations (P
) have been found in genes involved
in a wide variety of biological systems: the immune system, the endocrine system,
pathways involved in neuronal development and differentiation and synaptic plasticity.

same genes independently: NTM81,83 and RBFOX1(A2BP1)76,77.
Finally, Ip and colleagues89 conducted the largest GWAMA of aggression to date. A
total of 328,935 observations from 87,485 individuals were included in the analyses.
Observations came from multiple raters (teachers, parents, and self-reports). No single
were observed in gene-based analysis:
(ST3 beta-galactoside alpha-2,3-06
-06
sialyltransferase 3) (P
), PCDH7 (protocadherin 7) (P
), and
-06
(importin 13) (P
). Lead SNPs in all three implicated genes have previously
been associated with educational traits.
between aggression-related traits and SNPs are found on all chromosomes. As shown
in Figure 3, over 75% of suggestive associations were found on chromosomes 1 to 11.
In other words, most suggestive associations are found on the largest chromosomes,
which illustrates the polygenic aetiology of aggression. The majority of suggestive SNPs
on chromosome 7 were reported in the sample of African ancestry74. The genome-wide
-05

) have been found in genes involved in a wide
variety of biological systems: the immune system, the endocrine system, pathways
involved in neuronal development and differentiation, and synaptic plasticity. These
genes independently: NTM (neurotrimin)81,83, and RBFOX1(A2BP1) (RNA binding fox-1
homolog 1)76,77.
By combining the effects of multiple SNPs into a score, a larger proportion of variance
in aggression is likely be explained compared to the variance that is captured by a SNP
alone. Polygenic scores (PGSs) translate GWAS results back to the individual level, by
summing the association effects of all effect alleles that are present in an individual. Thus,
a PGS is a measure of genetic propensity for a certain outcome at the individual level.
PGSs can contribute to the prediction of aggression, but depend on the effect sizes of the
associations in the discovery GWAS. Currently such predictions work reasonably well for
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disorders37
genetic liability can be resolved, once well-powered GWAS are available, by estimation
be addressed through genetic modelling of twin and family data. For example, Hendriks
et al.38 analyzed twin data collected by multiple instruments, commonly employed
to measure aggression in children. While phenotypic correlations between different
aggression scales could be low, a genetic multivariate analysis of these data showed
high genetic correlations among different instruments. Such observations mean that
different instrument tap into the same genetic liability and therefore are appropriate for
simultaneous analysis in GWAS.
A limitation of human epigenetic and transcriptome studies concerns the use of peripheral
tissues to study genetic expression for a brain-based phenotype. Here, animal studies
may provide additional insights. A study of aggression in silver fox strains selectively bred
over many generations (in experiment lasting 60 years) for increased aggression and
of aggression120. Behavioral differences between tame and aggressive foxes altered the
anatomy of distributed gray matter networks, which included the hypothalamus121. Around
involved in regulation of aggression in animals122 and humans123. Functional analyses
of genes altered between tamed and aggressive foxes highlighted underlying biological
processes that include neuronal development, differentiation, migration, and synaptic
plasticity, immunity, lipid and carbohydrate metabolism, extracellular matrix organization,
cell interaction, and several signaling pathways124.
We should recognize that the nature-nurture debate has moved on from the question
whether aggressive behavior is heritable to the discovery of the biological bases of
aggression. This is currently attempted by investigating the association of aggression with
DNA variation and relevant biological pathways. It is expected that GWAS with larger or
combined datasets will improve our understanding of the mechanisms of gene regulation
of aggression. Future work should determine if genes mediating aggression pathways
are enriched in the polygenic background of disorders associated with aggression.
The majority of the studies described in this chapter focused on a single omics layer.
CpGs, proteins, metabolites, and microbes that associate with aggression or related
traits. These studies have provided valuable insights into the underlying biology of
aggression and related traits, but single omics studies do not take into account the
complex interplay among the various omics layers125. Combining multiple layers of
omics data (e.g., transcripts, CpGs, or metabolites) in a multi-omics study is a promising
approach towards a more comprehensive biological understanding of aggression and
related traits. Generally, two methods, simultaneous and step-wise integration, can be
distinguished. Simultaneous, or parallel, integration methods combine multiple omics
layers in a single analysis, accounting for correlations between the layers. Step-wise, or
then combine and integrate the results126.
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Both methods come with their own advantages and limitations126. One limitation of
simultaneous integration methods is the need for omics data from the same individuals,
which is often not available. In contrast, sequential integration methods can integrate
data from different sources and thus allows for the large-scale multi-omics analyses.
As a consequence, many recent GWAS or EWAS include some sequential multiomics analyses as follow-up analyses. For example, leveraging on Genotype-Tissue
identify biologically relevant systems. Such biological annotation involving information
from expression quantitative trait loci (eQTL) looks at SNPs that have been associated
with gene expression levels. Once genome-wide hits are found for e.g., aggression,
interest128,129.
Future directions
We should recognize that the nature-nurture debate has moved on from the question
whether aggressive behaviour is heritable to the discovery of the biological bases of
SNPs, and relevant biological pathways. It is expected that GWASs with larger or
combined datasets will improve our understanding of the mechanisms of gene regulation
of aggression. Individual GWASs on aggression and aggression-like traits are still limited
in terms of explaining variation in the population, but ongoing GWASs and other efforts,
e.g. in epigenetics and biomarker studies are likely provide insight into the aetiology
of aggressive behaviour. Expansion of disease gene maps130 by including aggressionrelated traits into, for example, OMIM datasets can help in future analyses of underlying
cellular network-based relationships between genes and functional modules of aggressive
behaviour, and future work should determine if genes mediating aggression pathways
are enriched in the polygenic background of disorders associated with aggression.
Also, leveraging on Genotype-Tissue Expression (GTEx127
annotated with additional information and thereby identify biologically relevant systems.
One particularly interesting source of biological annotation revolves expression
quantitative trait loci (eQTL), i.e. SNPs that have been associated with gene expression
levels. Once genome-wide hits are found, overlapping these with known eQTLs could
identify genes that are of biological interest128,129,131.
is expected to be improved with (epi)genetic and other omics biomarkers, i.e.,
characteristics that are “objectively measured and evaluated as an indicator of normal
biological processes, pathological processes or biological responses to a therapeutic
intervention”132. Non-causal biomarkers can be used in diagnostics, while causal
biomarkers are potential target for prevention and treatment. However, more work is
causality between the signatures and phenotype, and to develop reliable biomarkers in
easily accessible peripheral tissues.
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Systematic reviews with automated functions
The workload on selection process of researchers in our systematic review was around
60 hours (screening and selecting relevant papers from list of 2 069 records). By using
automated procedures to screen for relevant literature for inclusion in systematic reviews,
it was possible to save 39.1% (23.5 hours) of reading/scanning time. The downside of
automated methods is that relevant literature can be missed. On the other hand, even an
expert reviewer might omit studies that the automated procedures include. Optimization
of the expert reviewer is covered by education and training, whereas optimization of
automated selection is under active development133–135. We opted for a recent approach
that utilizes a machine learning algorithm to obtain a selection of papers that could be
relevant for this systematic review.
Although the automated systematic review tool we applied is quite new and is still
under active development, we found that applying the machine learning approach as
implemented in the software “Automated systematic reviews by using Deep Learning
and Active Learning”28 could be indeed of considerable aid to the researcher performing
a systematic review solving problems of missed literature in screening phase due to
human errors or excluded by searching algorithms.
review process, we advise review authors to supply their search results as additional
search models. This would avoid double work across research groups, create a
comprehensive overview of aggression literature, and increase our understanding of the
genetic nature of human aggression.
Conclusions
In summary, aggression in humans is a heritable trait, whose genetic basis largely remains
to be uncovered. With increases in sample size, we expect aggression to behave like
other complex human traits for which GWAS have been successful. There are several
efforts to achieve powerful GWAS: merging samples in consortia, replication strategies,
searching for close phenotypes from other domains associated with aggression for
sample extension, developing new approaches of partitioning genetic heterogeneity and

187

7

Chapter 7
References
Articles included in systematic review are indicated: * reviews (Table 2), ** genome-wide association
studies (Table 3), and *** epigenome-wide association studies (Table 4).
1.

Tuvblad, C. & Baker, L. A. Human aggression across the lifespan: genetic propensities and
environmental moderators. Adv Genet 75, 171–214 (2011). *

2.

Veroude, K. et al. Genetics of aggressive behavior: An overview. Am J Med Genet B Neuropsychiatr
Genet 171B, 3–43 (2016). *

3.

Anderson, C. A. & Bushman, B. J. Human Aggression. Annual Review of Psychology 53, 27–51 (2002).

4.

Zhang-James, Y. & Faraone, S. v. Genetic architecture for human aggression: A study of genephenotype relationship in OMIM. Am J Med Genet B Neuropsychiatr Genet 171, 641–649 (2016). *

5.

Boomsma, D. I. et al. Aggression in children: unravelling the interplay of genes and environment through
(epi)genetics and metabolomics.
4, (2015).

6.

Lindenfors, P. & Tullberg, B. S. Evolutionary aspects of aggression the importance of sexual
selection. Adv Genet 75, 7–22 (2011).

7.

Hawley, P. H., Little, T. D. & Rodkin, P. C. Aggression and adaptation: the bright side to bad behavior.
(L. Erlbaum Associates, 2007).

8.

Anholt, R. R. & Mackay, T. F. Genetics of aggression. Annu Rev Genet 46, 145–164 (2012). *

9.

Bukowski, W. M., Laursen, B. P. & Rubin, K. H. Handbook of peer interactions, relationships, and
groups. (2011).

10. Dodge, K. A., Lochman, J. E., Harnish, J. D., Bates, J. E. & Pettit, G. S. Reactive and proactive
aggression in school children and psychiatrically impaired chronically assaultive youth. Journal of
Abnormal Psychology 106, 37–51 (1997).
11. Hawley, P. H. Strategies of control, aggression, and morality in preschoolers: An evolutionary
perspective. Journal of Experimental Child Psychology 85, 213–235 (2003).
12. Voulgaridou, I. & Kokkinos, C. M. Relational aggression in adolescents: A review of theoretical and
empirical research. Aggression and Violent Behavior 23, 87–97 (2015).
13. Wright, J. C., Giammarino, M. & Parad, H. W. Social status in small groups: Individual–group similarity
50, 523–536 (1986).
14. Penn, J. K. M., Zito, M. F. & Kravitz, E. A. A single social defeat reduces aggression in a highly
aggressive strain of Drosophila.
107, 12682–6 (2010).
15. Polman, H., Orobio de Castro, B., Koops, W., van Boxtel, H. W. & Merk, W. W. A Meta-Analysis of
the Distinction between Reactive and Proactive Aggression in Children and Adolescents. Journal of
Abnormal Child Psychology 35, 522–535 (2007).
16.
associated with a point mutation in the structural gene for monoamine oxidase A. Science (New
York, N.Y.) 262, 578–80 (1993).
17. Caspi, A. et al. Role of genotype in the cycle of violence in maltreated children.
N.Y.) 297, 851–4 (2002).
18. Haberstick, B. C. et al. Monoamine oxidase A (MAOA) and antisocial behaviors in the presence
of childhood and adolescent maltreatment. American Journal of Medical Genetics Part B:
Neuropsychiatric Genetics 135B, 59–64 (2005).
19. Young, S. E. et al. Interaction Between MAO-A Genotype and Maltreatment in the Risk for Conduct
American Journal of Psychiatry 163, 1019–1025
(2006).
20. Foley, D. L. et al. Childhood Adversity, Monoamine Oxidase A Genotype, and Risk for ConductDisorder.
Archives of General Psychiatry 61, 738 (2004).

188

Genetics and epigenetics of human aggression
21. Nilsson, K. W., Aslund, C., Comasco, E. & Oreland, L. Gene-environment interaction of monoamine
oxidase A in relation to antisocial behaviour: current and future directions. J Neural Transm (Vienna)
125, 1601–1626 (2018).
22. Kim-Cohen, J. et al.
mental health: new evidence and a meta-analysis. Molecular Psychiatry 11, 903–913 (2006).
23. Dudbridge, F. Polygenic Epidemiology. Genetic Epidemiology 40, 268–272 (2016).
24. Hagenbeek, F. A. et al. Discovery of biochemical biomarkers for aggression: A role for metabolomics
in psychiatry. American Journal of Medical Genetics Part B: Neuropsychiatric Genetics 171, 719–
732 (2016).
25. Wild, C. P. Complementing the Genome with an &quot;Exposome&quot;: The Outstanding Challenge
of Environmental Exposure Measurement in Molecular Epidemiology. Cancer Epidemiology
Biomarkers & Prevention 14, 1847–1850 (2005).
26. Visscher, P. M. et al. 10 Years of GWAS Discovery: Biology, Function, and Translation. The American
Journal of Human Genetics 101, 5–22 (2017).
27. Tielbeek, J. J. et al. Genome-Wide Association Studies of a Broad Spectrum of Antisocial Behavior.
JAMA Psychiatry 74, 1242–1250 (2017). **
28. Automated systematic reviews by using Deep Learning and Active Learning. <
> (2019).
29. Fernandez-Castillo, N. & Cormand, B. Aggressive behavior in humans: Genes and pathways
Am J Med Genet B Neuropsychiatr Genet 171, 676–696
(2016). *
30. Tremblay, R. E., Vitaro, F. & Cote, S. M. Developmental Origins of Chronic Physical Aggression: A
Bio-Psycho-Social Model for the Next Generation of Preventive Interventions. Annu Rev Psychol 69,
383–407 (2018). *
31. Raine, A. A neurodevelopmental perspective on male violence.
(2019).

40, 84–97

32. Baud, P. Personality traits as intermediary phenotypes in suicidal behavior: Genetic issues. American
133C, 34–42 (2005). *
33. American Psychiatric Association.
Psychiatric Association, 2013). doi:10.1176/appi.books.9780890425596.

(American

34. Karlsson Linnér, R. et al. Genome-wide association analyses of risk tolerance and risky behaviors
Nature genetics
51, 245–257 (2019).
35. Barr, P. B. & Dick, D. M. The Genetics of Externalizing Problems. Current topics in behavioral
neurosciences 47, 93–112 (2020).
36. Ferguson, C. J. Genetic contributions to antisocial personality and behavior: a meta-analytic review
from an evolutionary perspective.
150, 160–180 (2010).
37. Cai, N. et al.
440735 (2019) doi:10.1101/440735.

bioRxiv

38. Hendriks, A. M. et al. Content, diagnostic, correlational, and genetic similarities between common
measures of childhood aggressive behaviors and related psychiatric traits. Journal of child
psychology and psychiatry, and allied disciplines 61, 1328–1338 (2020).
39. Waltes, R., Chiocchetti, A. G. & Freitag, C. M. The neurobiological basis of human aggression: A
review on genetic and epigenetic mechanisms. Am J Med Genet B Neuropsychiatr Genet 171,
650–675 (2016). *
40. Runions, K. C. et al. Serotonin and aggressive behaviour in children and adolescents: a systematic
review.
139, 117–144 (2019).

189

7

Chapter 7
41.
genetic research. Adv Genet 55, 41–104 (2005). *
42. Provencal, N., Booij, L. & Tremblay, R. E. The developmental origins of chronic physical aggression:
biological pathways triggered by early life adversity. J Exp Biol 218, 123–133 (2015). *
43. Davydova, J. D., Litvinov, S. S., Enikeeva, R. F., Malykh, S. B. & Khusnutdinova, E. K. Recent
advances in genetics of aggressive behavior. Vavilov Journal of Genetics and Breeding 22, 716–725
(2018). *
44. Tremblay, R. E. Developmental origins of disruptive behaviour problems: the “original sin” hypothesis,
epigenetics and their consequences for prevention. J Child Psychol Psychiatry 51, 341–367 (2010).
45. Manchia, M. & Fanos, V. Targeting aggression in severe mental illness: The predictive role of
genetic, epigenetic, and metabolomic markers. Progress in Neuro-Psychopharmacology & Biological
Psychiatry 77, 32–41 (2017). *
46. Curry, A. A painful legacy.

365, 212–215 (2019).

47. Van Dongen, J. et al.
human methylome. Nature Communications 7, 11115 (2016).
48. Achenbach, T. M., Ivanova, M. Y. & Rescorla, L. A. Empirically based assessment and taxonomy of
Comprehensive Psychiatry 79, 4–18 (2017).
49. Goodman, A., Lamping, D. L. & Ploubidis, G. B. When to Use Broader Internalising and Externalising
(SDQ): Data from British Parents, Teachers and Children. Journal of Abnormal Child Psychology 38,
1179–1191 (2010).
50. Buss, A. H. & Durkee, A. An inventory for assessing different kinds of hostility. Journal of Consulting
Psychology 21, 343–349 (1957).
51. Van der Sluis, S., Posthuma, D., Nivard, M. G., Verhage, M. & Dolan, C. v. Power in GWAS: lifting
the curse of the clinical cut-off. Molecular psychiatry 18, 2–3 (2013).
52. Loehlin, J. C. History of Behavior Genetics. in Handbook of Behavior Genetics 3–11 (Springer New
York, 2009). doi:10.1007/978-0-387-76727-7_1.
53. Trivedi, D. K., Hollywood, K. A. & Goodacre, R. Metabolomics for the masses: The future of
metabolomics in a personalized world. New Horizons in Translational Medicine 3, 294–305 (2017).
54. Boomsma, D., Busjahn, A. & Peltonen, L. Classical twin studies and beyond. Nature Reviews
Genetics 3, 872–882 (2002).
55. Craig, I. W. & Halton, K. E. Genetics of human aggressive behaviour. Hum Genet 126, 101–113
(2009).
56.

Human
aggression and violence: Causes, manifestations, and consequences (eds. Shaver, P. R. &
Mikulincer, M.) 143–163 (American Psychological Association, 2011).

57.
and future directions. Curr Opin Psychol 27, 46–55 (2018). *
58. Porsch, R. M. et al. Longitudinal heritability of childhood aggression. American Journal of Medical
Genetics Part B: Neuropsychiatric Genetics 171, 697–707 (2016).
59. Burt, S. A., Klump, K. L., Gorman-Smith, D. & Neiderhiser, J. M. Neighborhood Disadvantage Alters
4, 511–
526 (2016).
60. Boutwell, B. B., Beaver, K. M., Barnes, J. C. & Vaske, J. The developmental origins of externalizing
behavioral problems: Parental disengagement and the role of gene–environment interplay.
Psychiatry Research 197, 337–344 (2012).

190

Genetics and epigenetics of human aggression
61. Hicks, B. M., South, S. C., DiRago, A. C., Iacono, W. G. & McGue, M. Environmental Adversity and
Increasing Genetic Risk for Externalizing Disorders. Archives of General Psychiatry 66, 640 (2009).
62. Vink, J. M. et al. Sex Differences in Genetic Architecture of Complex Phenotypes?
e47371 (2012).
63. Dick, D. M. et al.
9, 81–86 (2004).

7,

Molecular Psychiatry

64. Criado, J. R., Gizer, I. R., Slutske, W. S., Phillips, E. & Ehlers, C. L. Event-related oscillations to
affective stimuli: Heritability, linkage and relationship to externalizing disorders. Journal of Psychiatric
Research 46, 256–263 (2012).
65.

Neurosci Biobehav Rev 91,
91–101 (2018). *

66. Duncan, L. E. & Keller, M. C. A Critical Review of the First 10 Years of Candidate Gene-by-Environment
Interaction Research in Psychiatry. American Journal of Psychiatry 168, 1041–1049 (2011).
67. Luo, X. et al.
candidate gene studies on Major Depressive Disorder and Chronic Major Depressive Disorder.
American Journal of Medical Genetics Part B: Neuropsychiatric Genetics 171, 215–236 (2016).
68. Bosker, F. J. et al. Poor replication of candidate genes for major depressive disorder using genomewide association data. Molecular Psychiatry 16, 516–532 (2011).
69.
Nature Reviews Genetics 15, 335–346 (2014).
70. Bulik-Sullivan, B. K. et al. LD Score regression distinguishes confounding from polygenicity in
genome-wide association studies. Nature Genetics 47, 291–295 (2015).
71. Beaver, K. M., Connolly, E. J., Nedelec, J. L. & Schwartz, J. A. On the Genetic and Genomic Basis
of Aggression, Violence, and Antisocial Behavior. In: Oxford Handbooks Online (Ed. Hopcroft R.L.).
(2018) *
72. Dick, D. M. et al. Genome-wide association study of conduct disorder symptomatology. Molecular
Psychiatry 16, 800–808 (2011). **
73. Rautiainen, M. R. et al. Genome-wide association study of antisocial personality disorder. Transl
Psychiatry 6, e883 (2016). **
74. Montalvo-Ortiz, J. L. et al. Translational studies support a role for serotonin 2B receptor (HTR2B)
gene in aggression-related cannabis response. Mol Psychiatry 23, 2277–2286 (2018). **
75. Kaye, S. et al. Upregulation of Early and Downregulation of Terminal Pathway Complement Genes
in Subcutaneous Adipose Tissue and Adipocytes in Acquired Obesity.
8,
545 (2017).
76. Anney, R. J. et al. Conduct disorder and ADHD: evaluation of conduct problems as a categorical
and quantitative trait in the international multicentre ADHD genetics study. Am J Med Genet B
Neuropsychiatr Genet 147B, 1369–1378 (2008). **
77. Sonuga-Barke, E. J. et al. Does parental expressed emotion moderate genetic effects in ADHD? An
exploration using a genome wide association scan. Am J Med Genet B Neuropsychiatr Genet 147B,
1359–1368 (2008). **
78. Viding, E. et al. In search of genes associated with risk for psychopathic tendencies in children: a
two-stage genome-wide association study of pooled DNA. Journal of Child Psychology & Psychiatry
51, 780–788 (2010). **
79. Tielbeek, J. J. et al. Unraveling the genetic etiology of adult antisocial behavior: a genome-wide
association study.
7, e45086 (2012). **
80. Salvatore, J. E. et al. Genome-wide association data suggest ABCB1 and immune-related gene sets
may be involved in adult antisocial behavior. Transl Psychiatry 5, e558 (2015). **

191

7

Chapter 7
81. Tiihonen, J. et al. Genetic background of extreme violent behavior. Molecular Psychiatry 20, 786–
792 (2015). **
82. Aebi, M. et al.
Am J Med Genet B Neuropsychiatr
Genet 171, 573–588 (2016). **
83. Brevik, E. J. et al.
disorder. Am J Med Genet B Neuropsychiatr Genet 171, 733–747 (2016). **
84. Merjonen, P. et al. Hostility in adolescents and adults: a genome-wide association study of the Young
Finns. Transl Psychiatry 1, e11 (2011). **
85. Mick, E. et al.
Am Acad Child Adolesc Psychiatry 50, 807–817 (2011). **
86. Mick, E. et al. Genome-Wide Association Study of Proneness to Anger.

J
9, 1–7 (2014). **

87. McGue, M. et al. A Genome-Wide Association Study of Behavioral Disinhibition. Behavior Genetics
43, 363–373 (2013). **
88. Pappa, I. et al.
Am J Med Genet B Neuropsychiatr Genet 171, 562–572 (2016). **
89. Ip, H. F. et al. Genetic association study of childhood aggression across raters, instruments and age.
Transl Psychiatry 11, 413 (2021). **
90. Van der Laan, C. et al. Continuity of genetic risk for aggressive behavior across the life-course.
Behavioral Genetics 51 (5):592-606 (2021)
91. Barnes, J. C. et al. The propensity for aggressive behavior and lifetime incarceration risk: A test for
Aggression and Violent Behavior
49, 101307 (2019).
92. Bonder, M. J. et al. Disease variants alter transcription factor levels and methylation of their binding
sites. Nature genetics 49, 131–138 (2017).
93. Gescher, D. M. et al.
(2018).*

Front Psychiatry 9, 579

94. Cecil, C. A. M. et al. DRD4 methylation as a potential biomarker for physical aggression: An
epigenome-wide, cross-tissue investigation. Am J Med Genet B Neuropsychiatr Genet 177, 746–
764 (2018). ***
95. Tylee, D. S., Kawaguchi, D. M. & Glatt, S. J. On the outside, looking in: a review and evaluation
of the comparability of blood and brain “-omes”. American journal of medical genetics. Part B,
162B, 595–603 (2013).
96. Smith, A. K. et al. DNA extracted from saliva for methylation studies of psychiatric traits: Evidence
American Journal of Medical Genetics Part B:
Neuropsychiatric Genetics 168, 36–44 (2015).
97. Barker, E. D. et al.
Child development
89, 1839–1855 (2018).
98. Philibert, R. A. et al. Gene environment interactions with a novel variable Monoamine Oxidase A
transcriptional enhancer are associated with antisocial personality disorder. Biological psychology
87, 366–371 (2011).
99. Wang, D. et al. Peripheral SLC6A4 DNA methylation is associated with in vivo measures of human
brain serotonin synthesis and childhood physical aggression.
7, e39501 (2012).
100. Provencal, N. et al. Differential DNA methylation regions in cytokine and transcription factor genomic
loci associate with childhood physical aggression.
8, e71691 (2013).

192

Genetics and epigenetics of human aggression
101. Provencal, N. et al. Association of childhood chronic physical aggression with a DNA methylation
signature in adult human T cells.
9, e89839 (2014).
102. Guillemin, C. et al. DNA methylation signature of childhood chronic physical aggression in T cells of
both men and women.
9, e86822 (2014).
103. Montalvo-Ortiz, J. L., Zhang, H., Chen, C., Liu, C. & Coccaro, E. F. Genome-Wide DNA Methylation
Changes Associated with Intermittent Explosive Disorder: A Gene-Based Functional Enrichment
Analysis.
21, 12–20 (2018). ***
104. Montalvo-Ortiz, J. et al. M79 - Genome-wide DNA methylation signatures of aggression risk in
children. European Neuropsychopharmacology 29, S997–S998 (2019). ***
105. Van Dongen, J. et al. Epigenome-Wide Association Study of Aggressive Behavior. Twin Research
and Human Genetics 18, 686–698 (2015). ***
106. Van Dongen, J. et al. DNA methylation signatures of aggression and closely related constructs: A
meta-analysis of epigenome-wide studies across the lifespan. Molecular psychiatry 26, 2148–2162
(2021). ***
107. Schizophrenia Working Group of the Psychiatric Genomics Consortium. Biological insights from 108
schizophrenia-associated genetic loci. Nature 511, 421–427 (2014).
108. Hagenbeek, F. A. et al. Urinary Amine and Organic Acid Metabolites Evaluated as Markers for
Childhood Aggression: The ACTION Biomarker Study. Frontiers in Psychiatry 11, (2020).
109. Whipp, A. M. et al. Ketone body 3-hydroxybutyrate as a biomarker of aggression.
11, 5813 (2021).
110. Tiihonen, J. et al. Neurobiological roots of psychopathy. Molecular Psychiatry 25, 3432–3441 (2020).
111. Chen, X. et al.
with and without violent behaviors based on 16S rRNA gene sequencing.
Legal Medicine 135, 131–141 (2021).

7

112. Cohen, P. The origins of protein phosphorylation. Nature Cell Biology 4, (2002).
113. Miles, D. R. & Carey, G. Genetic and environmental architecture on human aggression. Journal of
72, 207–217 (1997).
114.
analysis of twin and adoption studies. Psychological Bulletin 128, 490–529 (2002).
115. Burt, S. A., Klump, K. L., Gorman-Smith, D. & Neiderhiser, J. M. Neighborhood Disadvantage Alters
4, 511–
526 (2016).
116. CONVERGE consortium et al.
depressive disorder. Nature 523, 588–591 (2015).
117.
association studies of violence and aggression. Mol Psychiatry 19, 471–477 (2014).
118. Ormel, J., Hartman, C. A. & Snieder, H. The genetics of depression: successful genome-wide
association studies introduce new challenges. Translational Psychiatry 9, 114 (2019).
119. Holland, D. et al. Beyond SNP Heritability: Polygenicity and Discoverability of Phenotypes Estimated
with a Univariate Gaussian Mixture Model. bioRxiv 133132 (2019) doi:10.1101/133132.
120. Kukekova, A. v, Temnykh, S. v, Johnson, J. L., Trut, L. N. & Acland, G. M. Genetics of behavior in
the silver fox.
23, 164–177 (2012).
121. Hecht, E. E. et al. Neuromorphological changes following selection for tameness and aggression in
the Russian fox-farm experiment.
Neuroscience 41, 6144–6156 (2021).

193

Chapter 7
122. Takahashi, A. & Miczek, K. A. Neurogenetics of aggressive behavior: studies in rodents. Curr Top
Behav Neurosci 17, 3–44 (2014).
123. Gouveia, F. V. et al. Amygdala and Hypothalamus: Historical Overview With Focus on Aggression.
Neurosurgery 85, 11–30 (2019).
124. Rosenfeld, C. S. et al. Hypothalamic transcriptome of tame and aggressive silver foxes (Vulpes
Genes, brain, and
behavior 19, e12614 (2020).
125. Wörheide, M. A., Krumsiek, J., Kastenmüller, G. & Arnold, M. Multi-omics integration in biomedical
research – A metabolomics-centric review. Analytica Chimica Acta 1141, 144–162 (2021).
126. Wörheide, M. A., Krumsiek, J., Kastenmüller, G. & Arnold, M. Multi-omics integration in biomedical
research – A metabolomics-centric review. Analytica Chimica Acta 1141, 144–162 (2021).
127. eGTAxProject. Enhancing GTEx by bridging the gaps between genotype, gene expression, and
disease. Nature Genetics 49, 1664–1670 (2017).
128. Zhu, Z. et al. Integration of summary data from GWAS and eQTL studies predicts complex trait gene
targets. Nature Genetics 48, 481–487 (2016).
129. Gusev, A. et al. Integrative approaches for large-scale transcriptome-wide association studies.
Nature Genetics 48, 245–252 (2016).
130. Goh, K.-I. et al. The human disease network.
104, 8685–90 (2007).
131. Lowe, W. L., Reddy, T. E. & Reddy, T. E. Genomic approaches for understanding the genetics of
complex disease. Genome research 25, 1432–41 (2015).
132.
and conceptual framework. Clinical pharmacology and therapeutics 69, 89–95 (2001).
133. Khabsa, M., Elmagarmid, A., Ilyas, I., Hammady, H. & Ouzzani, M. Learning to identify relevant
studies for systematic reviews using random forest and external information. Machine Learning 102,
465–482 (2016).
134. Cohen, A. M., Hersh, W. R., Peterson, K. & Yen, P.-Y. Reducing Workload in Systematic Review
Association 13, 206–219 (2006).
135. Borah, R., Brown, A. W., Capers, P. L. & Kaiser, K. A. Analysis of the time and workers needed to
conduct systematic reviews of medical interventions using data from the PROSPERO registry. BMJ
open 7, e012545 (2017).
136.
BMC Psychiatry 20, 1–11 (2020).
Supplements
The supplementary materials are available online
https://journals.lww.com/psychgenetics/Fulltext/2019/10000/Genomics_of_human_aggression__
current_state_of.6.aspx

194

Abstract
We examined the performance of methylation scores (MS) and polygenic scores
(PGS) for birth weight, BMI, prenatal maternal smoking exposure, and smoking
status to assess the extent to which MS could predict these traits and exposures
over and above the PGS in a multi-omics prediction model. Methylation scores
may be seen as the epigenetic equivalent of PGS, but because of their dynamic
nature and sensitivity of non-genetic exposures may add to complex trait prediction
independently of PGS. MS and PGS were calculated based on genotype data and
DNA-methylation data in blood samples from adults (Illumina 450K; N=2,431;
mean age 35.6) and in buccal samples from children (Illumina EPIC; N=1,128;
mean age 9.6) from the Netherlands Twin Register. Weights to construct the scores
were obtained from results of large epigenome-wide association studies (EWASs)
based on whole blood or cord blood methylation data and genome-wide association
studies (GWASs).
In adults, MSs in blood predicted independently from PGSs, and outperformed
PGSs for BMI, prenatal maternal smoking, and smoking status, but not for birth
weight. The largest amount of variance explained by the multi-omics prediction
model was for current vs never smoking (54.6%) of which 54.4% was captured
by the MS. The two predictors captured 16% of former vs never smoking initiation
variance (MS:15.5%, PGS: 0.5%), 17.7% of prenatal maternal smoking exposure
variance (MS:16.9%, PGS: 0.8%), 11.9% of BMI variance (MS: 6.4%, PGS 5.5%)
and 1.9% of birth weight variance (MS: 0.4%, PGS: 1.5%).
In children, MSs in buccal samples did not show independent predictive value.
The largest amount of variance explained by the two predictors was for prenatal
maternal smoking exposure (2.6%), where the MSs contributed 1.5%.
These results demonstrate that blood DNA MS in adults explain substantial
variance in current smoking, large variance in former smoking, prenatal smoking,
and BMI, but not in birth weight. Buccal cell DNA methylation scores have lower
predictive value, which could be due to different tissues in the EWAS discovery
studies and target sample, as well as to different ages. This study illustrates the
value of combining polygenic scores with information from methylation data for
complex traits and exposure prediction.

Published as: Odintsova, V. V., Rebattu, V., Hagenbeek, F. A., Pool, R., Beck, J. J.,
Ehli, E. A., van Beijsterveldt, C., Ligthart, L., Willemsen, G., de Geus, E., Hottenga, J. J.,
Boomsma, D. I., van Dongen, J. (2021) Predicting Complex Traits and Exposures From
Frontiers in Psychiatry,
12:688464.
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Introduction
Nearly all complex traits in humans are a function of their genotype and of environmental
exposures, as shown by family and twin studies1–3. DNA-based predictors of complex
traits can increasingly serve to improve prediction of health outcomes and disease and
4
and are also considered for application in social sciences
5,6
and education . Whereas, DNA-based predictors are static and solely capture genomic
information, other predictors such as those based on epigenome data are dynamic and
may capture both genetic and environmental information.

of a pre-selected number of single nucleotide polymorphisms (SNPs). In some areas of
medicine, polygenic risk scores are already beginning to be employed to predict individual
risk of disease7–9. The PGS of an individual for a trait is calculated by multiplying, for each
SNP, the number of risk alleles by a weight and then summing over all SNPs. Weights
are typically estimated in a regression analysis, from a genome-wide association study
(GWAS) for the trait from an independent discovery sample (typically, a large GWAS
meta-analysis), and are included in the GWAS summary statistics (i.e., the estimated
effect sizes, the standard errors of the estimates and the corresponding p-values).
This polygenic type of approach can be generalized to other omics data, including
epigenomics where it results in DNA methylation scores (MS)10, which can be described

are multiplied by their corresponding weights and summed over multiple sites. Here the
weights are based on summary statistics from a single or a meta-analysis epigenomewide association study (EWAS) of the trait. By combining the effects of multiple CpG sites
into a MS, a larger proportion of variance in traits is likely be explained compared to the
variance that is captured by individual CpG sites. In addition to their value for prediction
of complex traits and disease risk, MSs could potentially be informative as biomarkers for
environmental exposures11 or to monitor disease progression, and might be considered
dimension reduction approach in interaction and mediation analyses12,13.
The number of genetic variants and CpG sites associated with complex traits is growing
with 60 independent signals in a multi-ancestry GWA meta-analysis, capturing up to
4.9% of the variance in birth weight in different cohorts14, and with 914 epigenome-wide
blood DNA methylation data15. Body mass index (BMI) was associated with 751 SNPs
in adults in the currently largest European ancestry GWAS meta-analysis, capturing
approximately 6% of the BMI variance16. The currently largest EWAS meta-analysis
12

. Smoking initiation was associated with 566 genetic variants in a GWAS
of more than one million individuals, capturing 3.6% and 4.2% of the variance in the trait
in prediction cohorts17
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discovery rate (FDR) of 5% from the Cohorts for Heart and Aging Research in Genomic
with former smoking18. EWAS meta-analyses conducted in newborns using cord blood
prenatal maternal smoking19.
Attempting to capture the DNA methylation differences, previous studies have developed
polygenic methylation predictors. We extensively reviewed the literature on studies that
report methylation predictors as single MS and studies that examined the combined
predictive value of MS and PGS (see Supplementary Table S1). Taking the results
promising results for birth weight20, BMI20–22, prenatal maternal smoking23,24, and smoking
status11,23,25–28. Reed and colleagues20 computed MSs for birth weight based on the 135
CpGs from an adult BMI EWAS in the Framingham Heart Study and Lothian Birth cohorts
(N=3,743)29. These scores captured 2% of birth weight variation in 823 ALSPAC newborns
with DNA methylation data in cord blood, which was higher than the variance captured by a
PGS (0.4%). Several studies created whole blood DNA MSs of BMI and made predictions
in children and adults. MSs based on 78 probes from 2,377 adults of the Framingham Heart
Study and weights (effect sizes) from 750 adults of the LifeLines DEEP study explained
11% of the variance in BMI in 1,366 adults from Lothian Birth cohorts and 5% of BMI
variance in 403 adolescents from Brisbane Systems Genetic Study (BSGS). MSs based
on 400 CpGs from 2,562 Generation Scotland participants explained 10% of BMI variance
in 892 adults from Lothian Birth cohort21. MSs based on 135 probes from 3,742 adults from
both Framingham Heart Study and Lothian Birth cohorts explained 10% of BMI variance
in 726 ALSPAC women and up to 3% of BMI variance in children at different ages20.
It has been shown that MS for BMI perform better in adults compared to children and
adolescents20,22. Attempts of cross-tissue performance testing were scarce25,30, however, it
have been shown that some alterations persist across tissue types31.
For prenatal maternal smoking, MS based on weights from cord blood DNA methylation
EWASs of 1,057 newborns from Norwegian Mother and Child Cohort Study (MoBa) was
tested on another MoBa subset of 221 newborns24, and MS based on weights from cord
blood DNA methylation EWAS meta-analysis of 6,685 newborns done by Joubert and
colleagues19 was tested on 754 ALSPAC women around 30 years old23; the predictive
accuracy (the amount of variation in the outcome explained by the score) was lower in
women than in newborns. Smoking predictors have been described based on different
numbers of probes from whole blood DNA methylation studies. Only 2 CpGs were included
the smoking MS of Zhang et al. that predicted smoking status in 9,949 older adults28.
analysis of 15,907 individuals18 and predicted smoking status during pregnancy in 754
women by Richmond et al.23. The same CpGs were used by Sugden et al.11 to predict
smoking status in 1,037 adults from the Dunedin Longitudinal Study and 2,232 twins from
the Environmental Risk Longitudinal Study.
Despite the growing number of cohorts that have both genomic and methylation data, few
attempts have been made to combine PGS and MS in a multi-omics model. To the best
199
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of our knowledge, BMI and height are currently the only traits for which the prediction
by PGS and MS combined has been investigated 21,22. In a combined model, the PGS
and MS together explained 17% of the variance in BMI in 1,366 adults22 and 18% in 889
adults21, both from the Lothian Birth cohorts, 13–16% in 750 adults from Lifelines and 8%
in adolescents from the Brisbane Systems Genetic Study 32, corresponding to an added
~4–9% extra variance explained compared to the PGS alone.
We expand on the previous work by addressing several points. First, it is largely unknown to
what extent MS based on EWAS weights derived in adults predict trait variation in children
and vice versa. Second, previous studies of MS were based on cord blood or whole blood,
and it is unknown if these scores translate to other tissues. Third, for all traits, except BMI
and height20,22, it is unknown whether MS add to prediction independently of PGS.
In the current biomarker study, we analyze the predictive accuracy of PGS and MS (both
individually and combined). The goal of our study is to examine if the MSs add predictive
value above the PGSs. The weights required for DNA methylation data were obtained
large EWAS and applied to methylation levels from two different tissues (blood and
buccal). We analyze data from large groups of adults with DNA methylation in blood (N
= 2,431, mean age = 35.6) and children with DNA methylation in buccal cells (N = 1,128,
mean age = 9.6) who participate in research projects of the Netherlands Twin Register
and consider multiple traits. For an early-life trait we analyze birth weight, and for a
trait that is dynamic in childhood and adulthood, we analyze BMI. As early and later life
exposures we examine prenatal maternal smoking during pregnancy and own smoking.
These four phenotypes represent complex traits and exposures with different relative
contributions of genetics and environment to inter-individual variance.

Materials and Methods
Overview
This study included adults and children who participated in studies from the Netherlands
Twin Register (NTR). DNA samples in adult twins and family members were isolated from
whole blood DNA data and in twin children from buccal cells. Adults took part in the NTRBiobank32 and children in the FP7-Action project33–36. The study was approved by the
Central Ethics Committee on Research Involving Human Subjects of the VU University
Human Research Protections (IRB number IRB00002991 under Federal-wide Assurance
FWA00017598; IRB/institute codes, NTR 03-180). Adults provided written informed
consent, for children consent was given by their parents.
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Adults
Study population and samples
data were available for 2,431 NTR adults37. This dataset included 2,426 individuals
from twin pairs, and 5 family members (mothers and spouses). The mean age at DNA
collection was 35.6 years (range = 17.6–79.2 years) and 32.7% of subjects were
males. For 20 participants, longitudinal methylation data (methylation data at two time
points) were available. Individuals with missing data on phenotypes or covariates, and
phenotype outliers were excluded from analysis, resulting in a sample size of 2,040 for
birth weight, 2,410 for BMI, 1,914 for current vs never smoking, and 1,938 for former vs
never smoking. Because prenatal maternal smoking exposure is equal for co-twins, one
twin from each pair was randomly included in the analysis, resulting in a sample size of
720. The blood sampling procedure has been described by Willemsen et al.32.
DNA methylation
BeadChip Kit (Illumina, San Diego, CA, USA) by the Human Genotyping facility (HugeF)
of ErasmusMC, the Netherlands (http://www.glimdna.org/ ) as part of the Biobank-based
Integrative Omics Study (BIOS) consortium38. DNA methylation measurements have been
described previously37,38
using the Zymo EZ DNA Methylation kit (Zymo Research Corp, Irvine, CA, USA), 12µl
of buffer was utilized to elute the converted DNA off the column after conversion, and

and sample identity checks were performed, as described in detail previously37. In short,
sample-level QC was performed using MethylAid39. Probes were set to missing in a sample
if they had an intensity value of exactly zero, or a detection p > 0.01, or a bead count of <
3. After these steps, probes that failed based on the above criteria in > 5% of the samples

an overlap of at least 47 bases per probe from Chen et al.40, and all probes containing
41
, within the CpG site (at the C or G position)
were excluded, irrespective of minor allele frequency. Only autosomal sites were kept in
the current analyses (N=411,169). The methylation data were normalized with functional
normalization42. Probes with missing values (probes with missing values in more than 5%
of the sample were removed) were imputed with the function imputePCA from the package
missMDA as implemented in the pipeline for DNA methylation array analysis developed by
the Biobank-based Integrative Omics Study (BIOS) consortium43.
Phenotyping
Data on birth weight were obtained from self-report or by parental report. If data were
available from multiple surveys by Adult Netherlands Twin Register (ANTR) and/or
informants, they were checked for consistency44. When multiple data points differed by
less than 200 grams, the average was taken, and in the cases of larger differences,
201
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data were excluded. Information on maternal smoking during pregnancy was obtained in
ANTR Survey 10 (data collection in 2013) with the following question: “Did your mother
For twin pairs, the answers were checked for consistency and missing data for one twin
were supplemented with data from the co-twin where possible. In the case of inconsistent
answers, the data from both co-twins were set to missing. If both twins answered “I
smoking status were collected at blood draw32. We analyzed two smoking phenotypes:
current smokers (1) versus never smokers (0), and former smokers (1) versus never
smokers (0). The percentage of white blood cell was obtained in fresh blood samples
collected in EDTA (Ethylene Diamine Tetra Acetic acid) tubes45. For birth weight and BMI,
we removed outliers using a cut-off of 3 standard deviations from the mean. For birth
weight, 6 outliers were removed; for BMI, 27 outliers were removed.

Children
Study population and samples
in a children that participated in a larger project on childhood aggression “Aggression in
Children: Unraveling gene-environment interplay to inform Treatment and InterventiON
strategies” (ACTION; http://www.action-euproject.eu/) and consists of twins who score
high or low on aggression33–36. After quality control, genome-wide DNA methylation data
and genotype data were available for 1,128 children from twin pairs (mainly monozygotic
twins). The mean age at DNA collection was 9.6 years (range = 5.6–12.9 years) and
MethylationEPIC BeadChip Kit was included36. Individuals without missing data on
phenotypes or covariates were included in the analyses, and phenotype outliers were
excluded, resulting in a sample size of 1,070 children for birth weight and 1,072 for BMI.
Because prenatal maternal smoking exposure is equal for co-twins, one twin from each
pair was randomly included in the analysis, resulting in a sample size of 547. The sample
collection protocol is available at: http://www.action-euproject.eu/content/data-protocols.
DNA was collected from buccal swabs at home: 16 cotton sticks were individually rubbed
against the inside of the cheek in the morning and evening on 2 days by the participants
and placed in buffer. Individuals were asked to refrain from eating or drinking 1 hour
prior to sampling. High molecular weight genomic DNA was extracted from the swabs by
standard DNA extraction techniques and visualized using agarose gel electrophoresis.

DNA methylation
San Diego, CA, USA) by the Human Genotyping facility (HugeF) of ErasmusMC, the
Netherlands (http://www.glimdna.org/)36. Quality control (QC) and normalization of the
methylation data were performed using a pipeline developed by the Biobank-based
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Predicting complex traits and exposures by PGS and MS

Integrative Omics Study (BIOS) consortium43, which includes sample quality control
42
using the R package MethylAid39
as
probes were set to missing (NA) in a sample if they had an intensity value of exactly zero,
detection P-value > 0.01, or bead count < 3; probes were excluded from all samples if they
mapped to multiple locations in the genome, if they overlapped with a SNP or Insertion/
Deletion (INDEL), or if they had a success rate < 0.95 across samples. Annotations of
ambiguous mapping probes (based on an overlap of at least 47 bases per probe) and
probes where genetic variants (SNPs or INDELS) with a minor allele frequency > 0.01
in Europeans overlap with the targeted CpG or single base extension site (SBE) were
obtained from (Pidsley et al. 2016). For two twins, a technical replicate measure on EPIC
was obtained (on different BeadChip Arrays). Probes with missing values (probes with
missing values in more than 5% of the sample were removed) were imputed with the
function imputePCA from the package missMDA as implemented in the pipeline for DNA
methylation array analysis developed by the BIOS consortium43.
Phenotyping
Data on birth weight of the young twins came from surveys sent to mothers shortly after
the registration of the newborn twins47
by mothers and fathers in the Young Netherlands Twin Register (YNTR) when children
were around 5, 7, 10 and 12 years of age. If both parents completed the survey, preference
was given to data provided by the mother. BMI closest to the date of DNA collection
was selected. The average time between DNA collection and BMI assessment was 1.9
years before the survey (median=-0.9, range: from buccal sample collection 10.3 years
before survey to buccal sample collection 2.1 years after survey). Information on maternal
smoking during pregnancy was reported by mothers after registration for three trimesters
of pregnancy and was coded as “non-smoking” if the mother did not smoke during the
entire pregnancy and “smoking” if the mother smoked at least during one trimester48. For
birth weight and BMI, we removed outliers using a cut-off of 3 standard deviations from the
mean. For birth weight, 1 outlier was removed; for BMI, 12 outliers were removed.
Cellular proportions were predicted with hierarchical epigenetic dissection of intrasample-heterogeneity (HepiDISH) with the RPC method (reduced partial correlation),
as described by49 and implemented in the R package HepiDISH. HepiDISH is a celltype deconvolution algorithm developed for estimating cellular proportions in epithelial

method was applied to the data after data QC and normalization.
Genotyping
Genotyping in children (YNTR) and adults (ANTR) was done on multiple platforms over
time including Perlegen-Affymetrix, Affymetrix 6.0, Affymetrix Axiom, Illumina Human
Quad Bead 660, Illumina Omni 1M and Illumina GSA. Quality control and processing of
the genotype data was performed on the complete dataset of all genotyped participants
from the NTR. Quality control was carried out and haplotypes were estimated in PLINK.
CEU population outliers, based on per platform 1000 Genomes PC projection with the
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TABLE 1.
Discovery epigenome-wide and genome-wide association studies that provided the summary
statistics to calculate DNA methylation scores and polygenic scores

Trait/
Exposure

Reference

Phenotype in
discovery study
–DNA methylation
Tissue

N CpGs/SNPs
reported at

N discovery cohort
used to create
scores

reference

EWAS
Birth weight

Küpers et al.15

Birth weight – Cord
blood

8,825 newborns

914 (Bonferroni)

BMI

Wahl et al.12

BMI – Whole blood

5,387 adults

5,547 (FDR <0.05)

Prenatal
Maternal
Smoking

Sikdar et al.51*

4,994 newborns (897
Prenatal maternal
smoking – Cord blood exposed to sustained
prenatal smoking)

Smoking

Sikdar et al.51*

Current vs. never
smoked – Whole
blood

9,389 adults (2,433
current smokers)

Joehanes et al,
201618

Former vs. never
smoked – Whole
blood

13,474 adults (6,518
former smokers)

Birth weight

http://www.
nealelab.is/ukbiobank/

Birth weight

280,250 (UK biobank) not published

BMI

Yengo et al.16

BMI

~700,000 individuals
of different ancestry
652,099** were
used in our study for
calculation of PGS

Prenatal
Maternal
Smoking

UK Biobank
http://www.
nealelab.is/ukbiobank/

Maternal smoking
around birth

331,862 (UK Biobank) not published

Smoking

Liu et al.17

Smoking initiation
(ever/never smoked)

Up to 1.2 million
566
individuals in
discovery study
625,536** used in our
study for PGS

34,541 (FDR <0.05)

2,623 (FDR <0.05)

GWAS

941

EWAS, Epigenome-wide association study; GWAS, Genome-wide association study; FDR, False Discovery Rate.
* Sikdar et al.51 repeated the meta-analysis by Joubert et al.19 (EWAS in newborns) and Joehanes et al.18 (EWAS in
maternal smoking in newborns (cord blood) and for current versus never smokers (whole blood).
** NTR and 23andMe are excluded. For additional details, see Supplementary Table 1.
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Smartpca software50, were excluded. Data were phased per platform using Eagle, and
then imputed to 1000 Genomes using Minimac, following the Michigan imputation server
protocols. For the polygenic scoring imputed
SNPs with MAF > 0.01, HWE p > 10-5 and genotype call rate > 0.98, and exclude SNPs
with more than 2 alleles. All Mendelian errors were set to missing. Principal components
(PCs) were calculated with Smartpca using linkage-disequilibrium-pruned (LD-pruned)
1000 Genomes–imputed SNPs that were also genotyped on at least one platform, had
MAF > 0.05 and were not present in the long-range LD regions.

Statistical methods
EWAS and GWAS summary statistics
MSs and PGSs were created using weights based on large epigenome-wide association
study (EWAS) and genome-wide association study (GWAS) meta-analyses. These
studies are summarized in Table 1. Additional information on the studies and derived
scores is provided in Supplementary Tables S2- S3.
DNA methylation scores
The effect sizes obtained from the summary statistics from previously published EWAS
meta-analyses (Table 1 and Supplementary Table S1) were used to calculate weighted
MSs in NTR participants as previously done by Elliot et al.26, Shah et al.22, Wahl et al.12,
Richmond et al.23, and Sugden et al.11. For each trait and for each individual, a score was
calculated by multiplying the methylation level at a given CpG by the previously reported
effect size of the CpG ( ), and then summing these values over all CpGs:
DNA methylation score =

1

*CpG1 +

2

*CpG2 …. + i*CpGi

where CpGi is the methylation level at CpG site i, which ranges between 0 and 1, and i
obtained from summary statistics of
i
EWAS meta-analyses that did not include participants from the NTR.
For each phenotype, except for former smoking, we calculated multiple MSs based on
-1

-5

-7

. For former versus
never smoking, genome-wide summary statistics were not available, and we calculated
versus never smokers at a False Discovery Rate of 5%. Additionally, we tested prediction
of former smoking based on the MSs derived from the genome-wide EWAS summary
statistics of current versus never smoking. To examine if removal of CpGs with correlated
DNA methylation levels affects trait prediction, we also calculated pruned scores by stepof 0.1 or higher (threshold chosen based on Shah et al.22) in order to keep an independent
set of CpGs.
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Polygenic scores
Polygenic scores (PGSs) were calculated based on weighting of genotypes by effect sizes
as made available from GWAS summary statistics (see Table 1 and Supplementary
Table S2) in discovery samples without NTR. Before calculating the PGSs, linkage
disequilibrium (LD) weighted
LDpred package to correct for the effects of LD and to maximize predictive accuracy of
the PGSs52. QC has been applied: MAF>0.01, duplicated SNPs, mismatching alleles,
ambiguous SNPs were excluded. We randomly selected 2500 unrelated individuals
from NTR as a reference population to calculate the LD patterns. The adjusted
calculated from an LD pruning window of 250 KB, with the fraction of causal SNPs set at
0.01 for birth weight, because this fraction was previously shown to perform optimally for
birth weight in the NTR population53 and at 0.50 for other phenotypes. The PGSs were
obtained for all NTR participants with genotyping data with the PLINK 1.9 software.
Statistical analysis
Continuous traits, MSs and PGSs were z-score transformed [trait value – trait mean/ trait
standard deviation] before analysis. Pairwise Pearson correlations between each trait,
MSs, PGSs and covariates were computed in NTR adults and children EWAS datasets
of regression models to examine: (1) the predictive value of MSs; (2) the predictive value
of a PGS; and (3) whether MS and PGS contributed independently to trait prediction
in a combined predictor. First, for each trait, we evaluated the performance of multiple
different MSs based on different p-value thresholds, pruned and unpruned. We took the
score that explained the largest amount of variance forward to the combined model.
Second, we evaluated the performance of PGS in prediction of each trait. Finally, we
examined if MSs predict these traits over and above the PGSs and estimated how much
variance in each trait was explained by multi-omics predictor, e.g. by MSs and PGSs
together. Sex and age at DNA collection were included as covariates in all three models.
In the prediction models with whole blood DNA MSs, we corrected for percentages of
neutrophils, monocytes and eosinophils. In the prediction models with buccal DNA MSs,
we corrected for epithelial cell and natural killer cell proportions. To adjust for technical
all models with EWAS covariates. In models including PGSs, we corrected for genotype
dummy variables (GWAS covariates).
Continuous traits.
the two datasets (whole blood methylation data from adults and buccal methylation data
from children):
Model 1: Trait ~ MS + sex + age + EWAS covariates
Model 2: Trait ~ PGS + sex + age + GWAS covariates
Model 3: Trait ~ MS + PGS + sex + age + EWAS covariates + GWAS covariates
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Analyses were carried out with generalized estimation equation (GEE) models accounting

to account for the correlation structure within families. To calculate the variance explained
GEE. This value was multiplied by 100 to obtain the percentage of variance explained.
Dichotomous traits. For dichotomous traits, i.e. prenatal maternal smoking, current vs
datasets (whole blood methylation data from adults and buccal methylation data from
children):
Model 1a: Trait ~ MS + sex + age + EWAS covariates
Model 1b: Trait ~ sex + age + EWAS covariates
Model 2a: Trait ~ PGS + sex + age + GWAS covariates
Model 2b: Trait ~ sex + age + GWAS covariates
Model 3a: Trait ~ MS + PGS + sex + age + EWAS covariates + GWAS covariates
Model 3b: Trait ~ PGS + sex + age + EWAS covariates + GWAS covariates
Model 3c: Trait ~ MS + sex + age + EWAS covariates + GWAS covariates
binomial family setting (link = “logit”). Estimation of the variance explained by the MS
determination (R2) for binary responses are calculated on the liability scale54. R2 is equal
to the explained variance divided by the total variance; that is the sum of explained
sex, age and EWAS covariates (model 1a), and then on sex, age, and EWAS covariates
only (model 1b). We calculated variance explained by all predictors in each model. We
calculated the predictive value of the MS by subtracting the difference between the
variance explained by the model 1a and 1b. The same was done for models with PGS
with sex, age and GWAS covariates (model 2a and 2b), and then for combined model
with both MS and PGS scores (models 3a-c). In the last case, the difference between
explained variance in model 3a and model 3b gave us an estimate explained by MS,
and the difference between explained variance in model 3a and model 3c resulted in
estimate explained by PGS.
To correct for relatedness in smoking prediction, p-values were obtained from GEE

within families. For prenatal smoking exposure (yes/no) we randomly chose one of the
twins from the pair, and p-values were obtained from logistic regression models.
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TABLE 2.
Characteristics: NTR adults and children
Adults

Children

DNA methylation tissue

Whole blood

Buccal cells

DNA methylation array

Illumina 450k

Illumina EPIC

2,431

1,128

Sample size
Age, mean (sd)
Males, n (%)

35.6 (11.9)

9.6 (1.9)

794 (32.7%)

596 (52.8%)

Females, n (%)

1637 (67.3%)

532 (47.2%)

Birth weight, mean (sd)

2507.8 (573.7)

2395.9 (544.1)

404

59

24.1 (3.9)

16 (2.1)

missing
BMI, mean (sd)
missing

14

46

Prenatal maternal smoking (no), n (%)

1169 (90.1%)

921 (91.1%)

Prenatal maternal smoking (yes), n (%)

129 (9.9%)

90 (8.9%)

1133

117

Never smokers, n (%)

1395 (57.5%)

NA

Former smokers, n (%)

527 (21.7%)

NA

Current smokers, n (%)

506 (20.8%)

NA

3

NA

missing

missing
Cell counts, mean (sd)
Neutrophil percentage

52.5 (9.1)

NA

Eosinophil percentage

3.1 (2.3)

NA

Monocyte percentage

8.4 (2.4)

NA

Epithelial cell proportion

NA

0.806 (0.116)

NK cell proportion

NA

0.03 (0.013)

NTR, Netherlands Twin Register; sd, standard deviation; NA, not available; NK, natural killer cells.
Descriptives are provided for covariates that were included as covariates in the prediction models.
The number of samples with complete data on DNA methylation, cell counts, and genotyping data are presented. For a
small number of individuals, two samples are included in the analysis in adults (n = 20) and children (n = 2).

Sensitivity analysis
We carried out a sensitivity analysis in which we repeated the models for BMI prediction
in children from MSs after removal of children for whom information on BMI was
collected more than 3 years before or after DNA collection (N = 324 children removed;
new N = 748).
Multiple testing correction
(six tests in model 1 for birth weight, BMI, prenatal maternal smoking and current smoking,
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seven tests in model 1 for former smoking, one test in models 2 and 3 for each trait in
adults; the same number of tests in children except smoking status and plus eight tests in

Results
Characteristics of the NTR adult and children are presented in Table 2. Distribution of
the traits/exposures as main outcomes and MSs and PGs as predictors are presented
in Supplementary Figures S1-S3. Correlations between trait/expoosure, PGS, MSs,
sex, age, and cellular compositions of the samples are shown in Supplementary
Figures S4-S5. The correlations between PGS and MSs for the same trait were
weak in adults (r = [0.01-0.15]) and children (r = [0.01-0.05]). Further, we report the
correlation between the PGS and the MS that captured the largest amount of variation
in the trait. We examined prediction of each phenotype by its MS and PGS separately.
The explained variance and corresponding p-values for unpruned and pruned MSs
with different thresholds for inclusion of CpGs are presented in Table 3, and for PGS
in Table 4. To examine to what extent the PGS and the MS capture independent
as multi-omics prediction presented in Table 5. Figure 1 shows the variance explained
by the MSs and PGSs separately and together as multi-omics predictor in previous and
our studies.
Birth weight
The birthweight MSs were calculated based on the birthweight EWAS of cord blood
samples from neonates15. The results of GEE showed that none of the MSs was
strongly associated with birth weight in adults (p<0.0012) and children (p<0.0016).
-1
performed
better in prediction of birth weight in adults compared with unpruned and other
threshold pruned scores, accounting for 0.39% of the variance (p=0.004) (Table 3,
Figure 1A
-7
by PGS=1.52%, p
) (Table 4). The correlation between the whole blood MS
and PGS in adults was -0.03 (p=0.182; Supplementary Figure S4A). In the model
combining MS and PGS to predict birth weight, the PGS and blood MS in adults both
model: 0.39%, p=0.003; by PGS: 1.53%, p
Figure 1E).

-7

and MS+PGS: 1.92%) (Table 5,

In children, the best performing score was based on 958 CpGs with a p-value lower than
-7
, explaining 0.14% of the variance (p=0.263) (Table 3). The PGS predicted birth
-5
weight in children (variance explained by PGS=1.39%, p
) (Table 4). MSs did
not add predictive value to PGS in the combined model (Table 5, Figure 1F).
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TABLE 3.
Results of the methylation score prediction of birth weight, BMI, prenatal maternal smoking and
current and former smoking

Trait

Birth
weight

Group – DNA
methylation
tissue
Adults –
Whole blood
(N=2,040)

Children –
Buccal cells
(N=1,070)

CpGs included
in MS

0.044

0.029

0.127

0.192

0.055

0.029

0.057

0.304
0.238

963

0.049

0.027

0.074

p<10-1 pruned**

934

0.062

0.022

0.004

0.386

p<10-5 pruned

30

0.015

0.023

0.513

0.023

p<10-7 pruned

18

0.025

0.023

0.277

0.064

p<10-1

72,205

-0.013

0.031

0.679

0.016

p<10-5

2,249

0.031

0.032

0.344

0.094

p<10-7 **

958

0.038

0.032

0.237

0.141

p<10-1 pruned

184

0.015

0.029

0.613

0.022

p<10-5 pruned

13

0.016

0.032

0.613

0.025

9

-0.005

0.033

0.882

0.002

p<10-1

55,653

0.134

0.025

-08

*

1.786

p<10-5

1,067

0.261

0.026

-24

*

6.822

412

0.277

0.026

-27

*

7.673

p<10

-7

p<10-7 **
p<10 pruned

671

0.124

0.021

-09

*

1.538

p<10-5 pruned

13

0.220

0.023

-22

*

4.827

p<10-7 pruned

6

0.206

0.023

-20

*

4.258

55,279

0.003

0.017

0.878

0.001

p<10-1
-5

1,079

-0.006

0.017

0.733

0.003

p<10-7

422

-0.008

0.018

0.676

0.006

p<10-1 pruned**

183

0.021

0.019

0.276

0.042

p<10-5 pruned

13

0.005

0.019

0.772

0.003

6

0.007

0.018

0.720

0.004

76,531

0.761

0.168

-06

*

8.512

1,581

0.946

0.140

-11

*

15.115

607

1.009

0.136

-13

*

17.277

p<10 pruned

962

0.580

0.136

-05

*

7.076

p<10-5 pruned

33

0.661

0.123

-08

*

6.820

p<10-7 pruned

16

0.620

0.119

-07

*

5.963

p<10

p<10 pruned
Adults –
Whole blood
(N=720)

p<10-1
p<10

-5

p<10-7 **
-1
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MS R2
(%)

2,274

-7

Prenatal
Maternal
Smoking

PMS

72,570

-1

Children –
Buccal cells
(N=1,072)

SEMS

p<10-5

p<10 pruned
Adults –
Whole blood
(N=2,410)

MS

p<10-1

-7

BMI

N CpGs
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Table 3. (continued)
Trait

Smoking
Current
Never

Group – DNA
methylation
tissue
Children –
Buccal cells
(N=547)

CpGs included
N CpGs
in MS

MS R2
(%)

76,146

-0.256

0.158

0.105

0.930

1,571

-0.285

0.187

0.127

1.683

606

-0.304

0.183

0.096

2.223

p<10 pruned

187

-0.125

0.153

0.416

0.386

p<10-5 pruned

16

-0.096

0.164

0.559

0.149

p<10-7 pruned

9

-0.120

0.161

0.456

0.274

98,972

1.420

0.095

-43*

20.974
40.086

p<10-7 **

p<10-1

11,433

1.923

0.104

-66*

6,938

1.999

0.105

-69*

44.449

p<10-1 pruned

913

1.170

0.070

-47*

27.626

p<10-5 pruned

37

2.194

0.108

-75*

56.237
57.461

p<10

-5

p<10-7

24

2.245

0.111

-73*

p<10-1 from current
versus never
smoking EWAS

98,972

0.429

0.085

-07*

2.004

p<10-5 from current
versus never
smoking EWAS

11,433

0.689

0.086

-15*

5.127

p<10-7 from current
versus never
smoking EWAS

6,938

0.758

0.086

-18*

6.217

2,568

0.935

0.088

-24*

9.340

p<10-1 pruned from
current versus never
smoking EWAS

913

0.499

0.066

-13*

4.399

p<10-5 pruned from
current versus never
smoking EWAS

37

1.186

0.087

-36*

15.625

p<10-7 pruned from
current versus never
smoking EWAS**

24

1.226

0.088

-36*

16.316

2,330

0.692

0.071

-18*

7.569

p<10 pruned **
Adults –
Whole blood
(N=1,938)

PMS

p<10-5

-7

Smoking
Former
Never

SEMS

p<10-1

-1

Adults –
Whole blood
(N=1,914)

MS

Former vs Never
Smoking EWAS

Former vs Never
Smoking EWAS,
pruned
p-value (P). MS R2 is the
phenotypic variance explained by the MS.
* indicates p-values <0.0012 in adults and <0.0016 in children
** indicate methylation score with lowest p-value for a trait/exposure
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TABLE 4.
Results of the polygenic score prediction of birth weight, BMI, prenatal maternal smoking and
current and former smoking
Group

Trait
Birth weight
BMI
Prenatal Maternal Smoking

Adults (N = 2,040)

PGS

0.123

SEPGS

PGS R2 (%)

PPGS

0.024

-07*

1.520
1.387

Children (N = 1,070)

0.118

0.030

-05*

Adults (N = 2,410)

0.259

0.022

-32*

6.725

Children (N = 1,072)

0.173

0.041

-05*

3.003

Adults (N = 720)

0.259

0.132

0.049

1.797

Children (N = 547)

0.282

0.165

0.086

1.622

Smoking Current vs Never

Adults (N = 1,914)

0.330

0.056

Smoking Former vs Never

Adults (N = 1,938)

0.197

0.058

-07*

0.001

2.794
0.909

p-value (P). PGS R2 is the
phenotypic variance explained by the PGS.
PGS to predict current versus never smoking and former versus never smoking were created based on GWAS on
smoking initiation17.
* indicates p-values <0.0012 in adults and <0.0016 in children.

BMI
Blood MSs for BMI were based on the EWAS by Wahl et al.12 in blood DNA in adults.
These account for a moderate proportion of the variance in BMI in adults (1.5–7.7%).
-27
The best performing score explained 7.7% of the variance in BMI (p
) and
Table 3, Figure 1B). The pruned
MSs explained less variation in BMI (1.5–4.8% explained variance). The PGS for BMI
-6
explained 6.7% of the variance in adults (p
; Table 4). The correlation between
-6
whole blood MS and PGS was 0.1 in adults (p
; Supplementary Figure S4B).
In a combined regression model in adults the MS and PGS contributed independently to
-23
the prediction of BMI (variance explained by MS in combined model: 6.4%, p
,
-28
by PGS: 5.5%, p
, and MS+PGS: 11.9%) (Table 5; Figure 1E).
In children, the BMI MSs based on buccal methylation data had a considerably lower
score in children explained 0.04% of the variance (p=0.276), and was based on 183
-1
. The PGS explained 3% of the BMI
-5
variance (p
). MSs did not outperform PGSs in the combined model (Table 5;
Figure 1F). Furthermore, removal of children for whom information on BMI was collected
more than 3 years before or after DNA collection did not lead to an increase in explained
variance (Supplementary Table S4).
Prenatal maternal smoking
In adults, the MSs were based on the EWAS in cord blood from 4,994 newborns 19,51
Table 3, Figure 1C).
-7
accounted for
-13
largest variance of 17.3% of prenatal maternal exposure (p
). The pruned MSs
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performed worse (5.9-7% explained variance). The PGS for maternal smoking around
1.8%, p=0.05) (Table 4). The correlation between the best performing MS and PGS
was 0.06 (p=0.003; Supplementary Figure S4C). The variance explained by MS and
PGS in the combined model was slightly lower than predicted by MS alone (variance
-13
explained by MS in combined model: 16.9%, p
, by PGS: 0.84%, p=0.139
and by MS+PGS: 17.7%) (Table 5; Figure 1E). Maternal smoking scores in buccal
methylation data from children, based on the same cord blood discovery EWAS, were
Table 5; Figure 1F).
Smoking
The smoking MS in adults were based on the EWAS for never versus current smokers18,51
and were strongly predictive for smoking status. The pruned MSs had a considerably
better predictive performance (28-57.5% vs 21-44% explained variance). The best
-7
performing MSs was based on 24 pruned CpGs at p
, and explained 57.5%
-73
of variance for current smoking (p
) and 16.3% of the variance for former
-36
smoking (p
) (Table 3, Figure 1D). The PGS for smoking initiation explained
-7
2.8% of the variance in current smoking (p
) and 0.9% of the variance of former
smoking (p=0.001) (Table 4). The correlation between the PGS of smoking initiation and
-13
the best performing MS was 0.14 (p
; Supplementary Figure S4D). In the
combined prediction model, the MSs outperformed PGSs in the prediction of smoking
-70
model for current vs never smoking: 54.4%, p
, by PGS: 0.16%, p=0.042, and
by MS+PGS: 54.6%), indicating that the PGS and MS for smoking do not independently
add to prediction of this trait (Table 5, Figure 1E).

Discussion
We examined if a combined model that includes methylation scores (MS) and polygenic
scores (PGS) captures more variance in body size, i.e., birth weight and BMI, and in
two exposures, i.e., prenatal maternal smoking exposure and smoking in adulthood, in
comparison to the PGS alone. Our results showed that MSs in adults, from blood DNA,
predicted BMI, prenatal maternal smoking, and smoking status independent of PGSs,
and outperformed PGSs for BMI, prenatal maternal smoking, and smoking status, but not
for birth weight. In children, MSs from buccal-cell DNA did not show predictive value in
children, but here the tissue in the discovery studies derived from EWASs of cord blood
The most successful MS predictor in our study is for smoking. Blood DNA MS explained
up to 57.5% of the variance in current smoking status and 16.3% of the variance in
former smoking status. This was substantially better compared to the performance
of PGS. Tobacco exposure, both prenatal and current, is a potential environmental
application of blood DNA MS created based on weights from an independent discovery
EWAS, as we did in the current study11,23,26, based on calculation of indexes27,28 or based
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Trait

Group – DNA
methylation tissue

Methylation score
CpGs included
in MS

MS

Polygenic score

SEMS

PMS

MS R2
(%)

PGS

SEPGS

Total
R2 for
PGS R2 MS+PGS
(%)
(%)

PPGS

Adults – Whole Blood
(N = 2,040)

p<10-1 pruned

0.063

0.021

0.003

0.394

0.124

0.024

-07*

1.525

1.92

Children – Buccal
cells (N =1,070)

p<10-7

0.043

0.032

0.172

0.186

0.110

0.030

-04*

1.219

1.41

Adults – Whole Blood
(N = 2,410)

p<10-7

0.253

0.026

6.40

0.235

0.022

-28*

5.54

11.95

Children – Buccal
cells (N =1072)

p<10-1 pruned

0.017

0.019

0.030

0.157

0.042

2.451

2.48

Adults – Whole Blood
(N =720)

p<10-7

1.031

0.140

16.886

0.207

0.140

0.139

0.837

17.72

Children – Buccal
cells (N =547)

p<10-7 pruned

-0.291

0.187

1.529

0.283

0.168

0.091

1.093

2.62

Smoking
Current vs
Never

Adults – Whole Blood
(N =1,914)

p<10-7 pruned
from current
versus never
smoking EWAS

2.251

0.113

-70*

54.41

0.165

0.080

0.042

0.16

54.57

Smoking
Former vs
Never

Adults – Whole Blood
(N =1,938)

0.197

1.216

0.089

-34*

15.52

0.159

0.064

0.018

0.51

16.03

Birth weight

BMI

Prenatal
Maternal
Smoking

-23*

0.347

-13*

0.120

-04*

p-value (P). MS R2 is the phenotypic variance explained by the MS. PGS R2 is the phenotypic variance
explained by the PGS. The combined model included the PGS and the best performing MS. * indicates p-values <0.0012 in adults and <0.0016 in children.
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TABLE 5.
Results of the multi-omics prediction of birth weight, BMI, prenatal maternal smoking and current and former smoking

Bars are the phenotypic variance explained by the score (R2), x-axis shows R2 in %. MS, methylation score. PGS, polygenic score. PGS+MSpolygenic and methylation scores
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in combined model (multi-omics predictor). “–” indicates that the score is not available in the study. Prediction by PGS and MS in NTR cohorts is indicated by blue frames in A-D.
Multi-omics prediction in NTR is presented in E-F. Full references on previous studies in A, B, D
included in A, B see Supplementary Table S1.
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Figure 1. Prediction by methylation and polygenic scores in previous studies and NTR

8

Chapter 8

on machine learning algorithms25. In line with previous studies, MSs performed better for
predicting current vs never smoking than for former vs never smoking25. Most studies of
smoking were done on blood DNA methylation. It has been suggested that buccal cell
DNA methylation predictors should perform even better25. Currently, our participants with
buccal cell DNA methylation data are too young (methylation data in buccal cells was
available for children around 9 years old) to have initiated smoking.
The blood DNA MSs for prenatal maternal smoking, based on cord blood-derived weights
demonstrated that maternal smoking during pregnancy is associated with alterations in
offspring blood DNA methylation in newborns19,55,56, children and adolescents57,58, and
adults several decades after exposure23,59. However, the effects of sustained maternal
smoking during pregnancy fade away with time, and the predictive accuracy in blood
samples from adults is much lower than the accuracy obtained with cord blood samples
from newborns56–58,60.
We showed that MSs perform better than PGSs in adults for both exposures capturing
the effect of smoking, and add value to prediction in combined models. The effects of
individual SNPs on behavioral traits such as smoking is small, hence, larger GWAS
meta-analyses are required for smoking and maternal smoking to obtain better PGSs.
behavior, MSs capture the effect of exposure to smoking on the methylome. Smoking as
an exposure is strongly associated with DNA methylation, and EWAS meta-analyses of
with these traits, allowing for the calculation of fairly reliable MSs, i.e., the EWAS meta18
, while the currently
17
largest GWAS detected 566 loci associated with smoking initiation .
The BMI MS derived in blood samples from adults explained up to 7.7% of the variation
in BMI, thereby outperforming the PGS, which explained 6.7% of the variance. Both
scores contributed independently to the prediction of BMI in the combined model (12%
of explained variance). The performance of adult NTR MSs for BMI was in line with
other studies that reported around 10-11% variance explained by MS only in adults (see
Figure 1B) and larger variance explained by combined MS and PGS predictors21,22.
In children with buccal methylation data, a considerably smaller proportion of 2.5% of
variation in BMI was explained by the MS and PGS in combined predictor. The lower
predictive performance of BMI MSs in children than in adults was also observed in other
studies20,22, and could be explained by increase of environmental contribution to the trait
with age61 as BMI tends to increase during most of adult life62. Shah et al.22 reported that
BMI MSs based on an EWAS in adults from the Lothian Birth Cohorts explained 4.9%
of variation in adults from the Lifelines DEEP study, but did not account for any BMI
variation in adolescents (mean age 14 years) from the Brisbane Systems Genetic Study.
Reed et al.20 observed 10% of BMI variance explained in women in comparison with 1%
in children age 7 years and 3% in adolescents age 15 years by MSs calculated on the
same set of CpGs from an EWAS in adults.
Birthweight MSs were not strongly predictive in our study, with 0.4% and 0.1% of
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1.5% and 1.4% of explained variance in adults and children respectively. The PGS for
birth weight in NTR was in between the variance explained in previous studies (see
Figure 1A): 0.4% in an ALSPAC cohort of 823 newborns20, 2% in multi-cohort study of
42 thousand twins53 and in Hyperglycemia and Adverse Pregnancy Outcome (HAPO)
study of 1,338 individuals14, 2.9% in the Northern Finland Birth Cohort (NFBC) of 5,402
individuals and 4.9% in Generation R cohort of 2,357 individuals14. The discovery EWAS
blood15, suggesting that birth weight does have a large epigenetic signal in cord blood at
birth. The cord-blood DNA MS base on weights from adult BMI EWAS accounted for 2%
of variance in birth weight20. According to our knowledge, the performance of birthweight
MS based on weights from newborn EWAS has not been previously examined. The
low predictive accuracy of the MSs can be caused by the fact the birth weight scores in
whole blood and buccal cells were based on an EWAS in cord blood of neonates. Across
different tissues and ages, different CpG sites may be associated with birth weight.
Another explanation is, that the association between birth weight and DNA methylation
fades away with age. Küpers et al.15
and examined their associations with birth weight in blood samples of adults. No CpG
EWASs of birth weight based on buccal DNA methylation and no large EWASs of birth
weight on blood samples from adults.
The lower predictive accuracy of the buccal cell DNA MSs for all four phenotypes may have
several reasons: (1) for some traits there is evidence that DNA methylation signatures
increases with age, e.g., BMI, and thus can be not evident at age of 9 years old; (2)
unreliability in the phenotype, e.g., prenatal maternal smoking reported participants on
whole blood methylation data to calculate the scores in buccal cell DNA methylation
data. The CpG sites that are predictive for trait/exposure in blood may not be the same
CpG sites that are predictive in buccal cells, or the strength of the association may differ
across tissues. This last explanation can be tested once more EWASs in buccal cells
become available.
The best performing score for each trait will depend on the true number of CpGs
associated with the trait and their effect size, the correlation among CpGs, and the power
of the discovery EWAS analysis. If the discovery EWAS had full power to detect all CpGs
associated with the trait, and there is no large heterogeneity in the effects across cohort,
scores created within the same tissue as the discovery EWAS with CpGs based on
the most stringent p-value threshold (i.e., < 1x10-7) are expected to perform best. More
likely, EWASs for these traits did not yet detect all CpGs that are truly associated and
larger discovery samples are required to detect CpGs with smaller effects. Therefore,
we also examined the performance of scores created based on more lenient p-value
thresholds. More lenient p-value thresholds will potentially add more CpGs to the MS
that are truly associated with the phenotype, but which did not yet reach epigenome-wide
same time, inclusion of more CpGs that are not truly associated with the trait and less
accurate weights at more lenient thresholds, add more noise to the MS. Pruning was
performed to remove correlated CpGs that are redundant (and potentially add noise to
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scores). The expectation is that if the set of CpGs associated with a trait is correlated
(and especially if correlations are strong or abundant), pruning will improve performance
of the MS. We found this to be the case, for instance, for blood DNA MS for smoking in
adults. For simplicity, we compared two options that have been previously applied in the
literature: (1) no pruning at all and (2) a correlation cut-off of 0.1 to select an approximate
independent set of CpGs, but we note that the optimal correlation cut-off for pruning
may also vary across traits. In adults, pruning reduced the performance of some scores,
namely BMI and prenatal maternal smoking, while it improved the performance for birth
weight and smoking. Sophisticated methods for MS calculation that model the exact
correlation structure between CpGs, as are available for PGS52, are yet to be developed.
In our study, we have selected the best performing score for each trait based on the
currently available largest EWAS. With larger discovery EWASs, the optimal selection
approach for CpGs is also expected to change.
Birth weight and BMI are physical characteristics, whereas prenatal maternal smoking
and own smoking are commonly labeled as exposures and behavioral traits. Birth weight
consists of an exposure whose genetic contribution is genetically transmittable to offspring,
variants and environmental factors, although some have argued that behavioral traits are
more distal and less directly under biological control than physical traits. Polygenic signals
from PGS and MS are composites of signals from different sources that are a result of
different combinations of underlying biological processes. Notwithstanding the gap in our
understanding about biological processes between the polygenic signals and phenotypes
and exposure outcomes, the hypothesis-free approaches from GWAS and EWAS allow
for construction of polygenic and methylation scores that have certain predictive accuracy,
as demonstrated in research and that have potential for clinical use10,63.
The pathways between genome and complex physical and behavioral traits may pass
over many different cascades of biological processes in interplay and interaction with
environmental factors. PGS and MS can capture different sources of information, from
GWASs and EWASs. PGS will capture only genetic vulnerability for a trait, while MSs

Pathway analyses indicate that protein products of genes within birthweight-associated
regions in GWAS are enriched for diverse processes including insulin signaling,
glucose homeostasis, glycogen biosynthesis and chromatin remodeling14. Birthweightassociates CpGs are among sites that have previously been linked to prenatal
15
. Genes annotated to BMIassociated SNPs are mostly enriched among genes involved in neurogenesis and more
generally in the development of the central nervous system16
64

suggest that BMI could be considered as a behavioral trait and not only metabolic
one. Genes annotated to BMI-associated CpGs play role in adipose tissue biology,
neoplastic disease12.
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Smoking-initiation-associated genes are involved in dopaminergic and glutamatergic
neurotransmission among several regions in the central nervous system related to
addictive behavior17. Many CpGs overlap in both in newborns exposed to prenatal
maternal smoking and smoking adults (including cg05575921 (AHRR) indicative to
smoking exposure in many studies) are implicated in numerous neurological pathways,
embryogenesis, and various developmental pathways51. Unique pathways observed
in newborns include xenobiotic-related pathways, cytochrome P450 and uridineglucoronosyltansferases involved in metabolism of nicotine and other compounds of
tobacco smoke51, and pathways associated to susceptibility to orofacial clefts19. Unique
pathways observed in adults EWAS are enriched for variants associated in GWAS
with smoking-related disease, including osteoporosis, colorectal cancers, and chronic
obstructive pulmonary disease.
The limitations of our study relate to measurement reliability and the missing data for
some phenotypes, which reduced the study power. The largest number of missing data
was for prenatal maternal smoking in adults (47%, N=1,133). Women may underreport
smoking during pregnancy24, although in NTR the prevalence of maternal smoking
during pregnancy was 19.5 % for the mothers of young twins, which is in line with the
prevalence reported in the general Dutch population65. Birth weight data were missing for
many participants who joined the NTR as adults (17%, N=404). In children, there were
varying time differences between DNA methylation and BMI measurement. Our sensitivity
analysis showed that MS prediction accuracy was not affected by this difference. In the
prediction models, we adjusted for age, sex, and cellular composition of samples, hence
the predictive performance of MSs reported in this paper is over and above the effects
of age, sex, and cellular composition. We recognize that the MSs, and their ability to
predict the phenotypes that we study are likely to be impacted by other factors, such
as gestational age for birth weight and prenatal maternal smoking, BMI and amount of
cigarettes in smoking exposure and vice versa smoking in BMI. Further explorations of
potential confounders and mediators will be valuable.
The combination of PGS and MS is a tool to address research questions, such as
mediation by DNA methylation of the effect of certain exposures on a trait of interest,
where a score based on multiple CpGs may increase the power of such studies compared
to a single CpG site.
Lifestyle variables, such as smoking behavior, are often assessed in epidemiologic
studies by interviews or questionnaires, and individuals may hide their smoking status
or adults may not know if their mother smoked during pregnancy. In such cases, the use
data11
risk prediction. For example, BMI MSs were shown to predict type 2 diabetes beyond
traditional risk factors including BMI and waist–hip ratio12.
In conclusion, this study illustrates the value of combining PGS with MS for complex trait
and exposure prediction. The results of our study provide new insights into the predictive
performance of PGS and MS for different traits, across different tissues and ages.
Because we analyzed buccal data in NTR children and blood data in NTR adults, the
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current study could not distinguish between age and tissue as cause for the differences
in predictive performance of the scores in the two groups. To make a better distinction
between differences caused by age or tissue type, future studies that can create PGS
and MS based on both blood and buccal data in children and adults are warranted and
ideally both tissues are available for the same individuals. Furthermore, the predictive
performance of MSs in blood and buccal methylation data may improve if MSs will be
created based on EWA studies performed in the same type of tissue collected at the
same age with larger sample size, with other approaches rather than weighted score
approach (e.g., machine learning), and the prediction of traits may be further improved
by adding information from additional omics levels. Future follow-up studies should
investigate relationships between the DNA sequence and DNA methylation in complex
traits and exposure outcomes.
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Abstract
Twin registers are wonderful research resources for applications in epidemiology,
molecular genetics and other areas of research. New registers continue to be
launched all over the world as researchers from different disciplines recognize their
potential. In this chapter, we discuss multiple aspects that need to be considered
when initiating a register. This encompasses aspects related to the strategic
planning and key elements of research designs, promotion and management of
a twin register, including recruitment and retaining of twins and family members,
phenotyping, database organization and collaborations between registers.
Information on questions unique to twin registers and twin-biobanks, such as the
assessment of zygosity by genotype arrays, the design of (biomarker) studies
involving related participants and the analyses of clustered data, is presented.
Altogether, we provide a number of basic guidelines and recommendations for
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Introduction
Since the earliest times, it has been intuited that twins provide a window into the human
condition, with numerous references in philosophical and literary texts, notably by
Augustine of Hippo (400AD), Shakespeare, and others. The formalization of this intuition
th
century1,
although at that time it was not yet established that there were two discrete types of
4
twins. Researchers in the early 1900s2,3
,
but in 1919 Sir Ronald Fisher still advocated that there was only one type of twins, stating
that “...twins ordinarily share the hereditary nature of one gamete but not of the other”2.
th

century saw a slow but steady development of twin research
through the pioneering work of researchers as Poll5 (1914), Merriman6 (1924), Siemens7
(1924), and Holzinger8 (1929) (see Mayo9 for a detailed account of this development). In
disturbances (see Box 1). Many twin studies were then undertaken and were essential
10
, for
example, became puzzled by the high concordance seen in Down syndrome in identical
twins in comparison to the extremely low concordance in non-identical twins. This
concordance pattern was inconsistent with single gene inheritance and was one of the
observations which led to the discovery of trisomy-21 as the cause of Down syndrome.
The history of twin studies, including the basic methodological insights and developments,
has been described in multiple papers4,9,11,12. In the classical twin design, which includes
mono- and dizygotic (MZ and DZ) twin pairs reared together, the resemblance for one
or more human traits is compared between MZ and DZ twins to obtain estimates of uni
and multivariate heritability. A larger resemblance in MZ twins is consistent with genetic

that contribute to resemblance of relatives, common or shared environmental variance
(C), and dominance or non-additive genetic variance (D) require larger samples or the
inclusion of additional family members to achieve reasonable power. Explorations of
that many thousands of pairs would be needed to separate these sources of variance13,14.
European countries, in the Scandinavian countries, the Netherlands, the United Kingdom,
as well as in the United States and Australia. Many other countries in different parts of
the world have followed suit. Compilations of twin registers across the world have been
carried out periodically and published in the journal Twin Research and Human Genetics
(2002, 2006, and 2013) and elsewhere15. Many of these twin registries are longitudinal,
Twin registries have been a resource for thousands of studies, estimating the relative
impact of genetic and environmental factors on trait variation across a wide range of
biomedical and social science disciplines16,17. Their potential, however, for disentangling
the role of genetics in human traits goes much further, through different designs and
investigative methods, from genetic epidemiology to molecular approaches18–21. In many of
the large registers, data collection is undertaken by mailed questionnaire or by telephone
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Box 1: Twin Research in Russian Science
Reviews on the history of twin research tend to focus on developments in Western European
countries and the USA. However, early references to twin studies are also to be found in Russian
science. Psychiatrists Sergey Sukhanov and Tihon Yudin studied the similarity of psychosis in
twins from 190075, and several small twin studies of morphological, physiological and psychological
characteristics were conducted from 1900 to 192976. The Russian Medical and Biological Institute,
which was created in 1929 and continued as the Medical and Genetic Institute from 1935 onwards,
conducted systematic and large-scale twin research where more than 700 twin pairs were studied.
The research was conducted by medical doctors, psychologists, and pedagogues under the
guidance of Solomon Levit. A special kindergarten for twins was created in the institute, in which
motor functions, different forms of memory, level of psychic development, attention, and intellect
features were studied. The method of twin-control design was used to study effectiveness of
pedagogic, medical, and psychological interventions77. Unfortunately, these studies were limited
and prohibited at the end of 1930s, and were restarted in Russia only in 1970ies in laboratory of
genetic psychophysiology created by Irina Ravich-Shcherbo78,79.

interview and more recently, by online survey, and record linkage. Clinical twin studies
were of necessity often smaller, requiring twins to visit research or medical facilities, or
researchers visiting twins at home. In anticipating of the age of molecular genetics, many
registers started DNA collections in the early 1980s, and these samples have become a
highly valuable and much used resource for zygosity assessment, genetic linkage and
association studies. Collecting multiple sources of biological material has enabled twin
studies of epigenetics, transcriptomics, metabolomics, proteomics, microbiome, and a
wealth of biomarkers.
This chapter aims to discuss several aspects in establishing a twin register. We will
resource. In this endeavor, we will also refer to when to start and who should participate.
Our aim is not to offer a checklist or a complete step-by-step technical guide, but rather
to discuss the issues that, in our experience, should be addressed at the launch and in
the management of a twin register.
The First Steps
register?”. Establishing a twin register is a huge and long-lasting effort and, although it
pays back in the long run, it is costly, both in terms of economic and personal investment.
compensations that go even beyond the classical methodological advantages (see Box
2), and establishing a register may appear to be the best choice. However, it may not
be the only option. Already established twin registries with data, or willing to collect new
information, may be open to collaboration. In fact, nearly always a twin researcher can be
found with an interest in collaboration and in replication of results. Using this option will
not only result in economy of effort, avoiding duplication, but the proposed project may

countries or populations. In that case, some other focal questions arise, starting with
231
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the question of initial funding. This is, of course, a relevant question, and the available
options will depend on many, often local, factors. When applying for initial funds, it may
topic rather than putting in a more general appeal to establish a research infrastructure.
objectives: obtaining meaningful results in the short-term and looking for synergy with
other research groups. Planning a long and complex research question will delay results
that will be needed, since future funding will probably depend on early success. Hence, it
is important to select a main phenotype to study based on its originality, the interest in the
resources for data collection (see Box 3). Complementarily, it is important to seek out
researchers not only within other twin registers around the world, but also outside the
twin community, who have an interest in the selected phenotype and/or have relevant
while researchers from different disciplines may be interested in the possibilities that
collaboration with a twin cohort offers. Identifying possible topics of common interest
knowledge or techniques, may open new perspectives and facilitate trade-offs.
Strategic Planning

should facilitate the strategic planning of the register as a long-lasting organization.
This involves setting the main goals and selecting the activities, in accordance to the
available resources, which need to be undertaken to achieve the established objectives.
resources are, obviously, a core element of a twin register. A group of highly motivated
and coordinated researchers is needed to start and develop a twin register. Thus, the
question of identifying who may provide valuable help and be willing to participate

Box 2: Do It with Twins
In 1982, David Lykken listed in his presidential address to the Society for Psychophysiological
Research80
genetic analyses that the classical twin design allows:
• Twins are plentiful and easily recruited as experimental subjects.
• Twins are probably more representative of the general population than any other group.
• This representativeness is even more true of the families of twins.
• Twin data are invaluable to explore issues measurement. Any measure that shows high withinpair correlation among MZ twins deserves to be treated with respect.
• The method of co-twin control provides enhanced experimental power. Using one twin from
hypothesis that is as powerful as an experiment employing twice as many pairs of singletons.
of them back repeatedly over the years to participate in additional experiments. This is useful not
only for longitudinal research but as a method of enhancing each subsequent experiment with the
information previously gathered on these same individuals.
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in the endeavor becomes crucial. Two different kinds of human resources should be
contemplated: established researchers, from inside and outside the twin research
community, who can contribute with expertise, advice, and logistics in their respective
maintaining the register. While the former are important in providing support and visibility,
the latter are essential, since they will take care of the multiple tasks involved in the daily
running of the register, i.e., from planning and conducting data collection or updating
contacts, to analyzing data or writing papers. Therefore, human resources management
(including selection, training, and career development) with the objective of forming a
reliable and enduring core group is paramount if the register is to go ahead. Flexibility,
adaptability, and keeping an eye on opportunities are also relevant issues. In a changing
environment, where critical aspects such as funding or collaborations may change
constantly, it seems wise to contemplate different horizons and be able to quickly adapt
research objectives to different scenarios. This implies too the capacity to keep going
with limited resources while being prepared for incoming opportunities. Focusing only
on long-term and complex research objectives may represent a handicap for register
development in case of funding shortage or operational obstacles. Keeping in mind and
planning parallel sets of objectives adapted to different conditions may help to overcome
Basic Elements
There are several key elements that are at the core of the development of a twin register
Recruitment Methods
One of the foremost questions of every researcher willing to start a twin register relates
to which are the best practices for optimum recruitment and retention methods. There
is not one clear answer and there may be as many methods as established registers.
Recruitment strategies depend on a research protocol that can specify, for example, age
at recruitment, inclusion and exclusion criteria, recruitment group (e.g., parents of young

Box 3: How Many Twins?
For most of the 20th century, until about 1970, there were only vague notions of how big twin
and many of the early studies, including small numbers, gave highly inconsistent results when
complex human traits were analyzed. In retrospect, we can see this was mainly due to studies
being underpowered, although inaccurate zygosity diagnosis also played a role. “Is there a genetic
twin study on school examination results from 196781,82. While the study of 150 twin pairs was fairly
large by the standards of that time, it soon became apparent that it was far too small to reliably
genetic (A) and common or shared environmental variance (C). Multiple analytical and simulation
studies now provide detailed tables with the required numbers of twin pairs for continuous and
categorical traits, often distinguishing between uni and multivariate designs13,14,83.
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twins, adolescent, and adult twins), and possibilities of the research team, which may be
Table 1 summarizes, in a non-exhaustive manner, some of the possibilities for recruitment
of participants. They can be divided into four major groups: (1) existing databases
managed by public (e.g., city council, educational or health systems) or private (e.g.,
hospitals or insurance companies) stakeholders; (2) institutions or organizations that
have access to twins; (3) participants recruited through media, advertisement, and social
events; (4) word-of-mouth and recruitment through enrolled participants of register. There

or records can provide information about twins (e.g., birth or military records). In some
countries, sampling twin pairs is based on computerized population registers, either from
direct information on multiple births or from applying algorithms based on sharing of date
of birth, family name at birth, place of birth, and so on. A request to provide addresses
of persons born from the same mother with an identical date of birth can be done by

might occur by chance22. Next, parents of twins or twins need to be contacted, with an
invitation to participate in the register. Population samples can also be obtained through
collaboration with hospitals and schools. Records can be available at maternity hospitals,
which may give an opportunity of direct recruitment of study participants. The recruitment
through schools gives possibilities to obtain information on school achievements from
teachers. Many registries collaborate with twins or parents of twins associations.
Other twin collections are gathered independently of centralized records or institutions
and may depend more on the motivation of the twins or their parents. Recruitment
through advertising has been used, as well as through mass media articles on twins and
twin research in which information on major achievements is combined with continuing
studies and contact information. Such approaches can be effective, and the possible
effects of bias in non-randomly ascertained samples can be dealt with by statistical
methods23,24. Twin pairs can be registered via completion of a registration form online by
either the twins or their parents if they are under the age of legal consent. Other avenues
of recruitment include offering of booklets to parents who expect twins. The exposure on
organize social events (e.g., twin festivals, a range of exhibitions about twins, including
in the realization of a register and contribute to the strengthening of the role and value
awareness in participants. A useful practice can be when participants give presentations
about their own experience during meetings or on social media or web-sites.
Informed consent
Twin registers are set up with the aim of conducting multiples studies across a long
period of time and generally collect a wide variety of data in their participants. While
participants upon registration may agree at the start of the study to the general aims
provided in information brochures and will consent to be approached in years to come,
234

Establishing a twin register
TABLE 1.
Recruitment Methods of Twin Registries
Using existing databases with information on twins managed publicly or privately
Previous twin studies
Population registries
Birth records
Immunization registries
Different patient registries
Voter records
Military records
Collaboration with institutions and organizations
State public health resources (e.g., healthcare departments)
Hospitals, maternal hospitals, and outpatient clinics
Insurance companies
Schools
Orphanages and adoption agencies
Multiple birth associations
Twin clubs and associations
Recruitment through media and social events
Media, newspapers, TV, and radio
Advertisement
Information brochures
Website
Social Media
Word-of-mouth and through enrolled participants in register
Note: The table does not attempt to be exhaustive.

the initial consent will not cover all the data to be collected in the future. Participants
should be kept informed of the ways in which their data are used and be provided with
the option of withdrawal at any stage of the research. Researchers need to establish
this is laid down in law will not be the same across all countries in the world, it is always
individual feedback, and information on the use of collected data was often provided in a
general manner via websites or mass-mailing of newsletters. As a result of technological
advances, it is now possible to build portals or apps to provide much more personalized
information, showing a person for which purpose his/her data were used, and allowing
from the ongoing study. Such personalized platforms may require additional information
provide new log-in information. The extent to which active informed consent requiring a
opt-out procedure needs to be discussed with an ethical committee any time new data
collection takes place. Thinking of the different kinds of projects that will take place and
the way information will be shared with participants and getting the tools ready before
the start of the twin register will not only save valuable resources later on, but it may also
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show the participants you will protect their rights, leading to increased trust in the twin
register.
Determination of zygosity in twin registries
For a twin register, a critical measurement point is the zygosity status of a twin pair, that is,
MZ or DZ, as it is the basis for subsequent research that focus on heritability estimation
and genetic covariance structure modeling. It is also one of the most frequently asked
questions by the twins, as they are sometimes uncertain or misinformed about their
zygosity status. Even when no genetic analyses are carried out and the large datasets
are used for epidemiological studies, researchers may want to correct for clustering in
pairs generally results in the heritability estimate going down (Figure 1). In extreme
cases, it may even result in wrong conclusions to be drawn from variance components
modeling.
Zygosity can be determined according to simple rules (see Box 4), but DNA testing will
give the most conclusive zygosity assessment. A recent development is to genotype both
Global Screening Array (GSA) or the Affymetrix Axiom World Array25. These arrays allow
for fast genotyping for over 600,000 SNPs, which is more than is required to determine
twin zygosity. However, given the reductions in genotyping costs, and the possibilities
for future genetic association studies, makes a genome wide array a good investment.
Of course, both twins need to provide their DNA. This can be collected by available
prefabricated DNA kits for collection of buccal or saliva DNA at home, or blood can be

but involve the fragmentation of the DNA into smaller pieces, then precipitation, and then
SNP alleles, variants of DNA sequence in humans, which are present on the array. This
for all SNPs.
For zygosity assessment, a minimum number of typed SNPs needed is around 50;
however, using between 20,000 and 30,000 typed SNPs is optimal. At the DNA level, MZ
twins will share (close to) 100% of their alleles. DZ twins will share on average 50% of
their alleles, similar to siblings. After using the factory standard tools for array genotyping
(Beadstudio or APT-genotyper), a tool like Plink26 can be employed to quality control the
Box 4: Basic Rules for Zygosity Determination
• Opposite-sex: DZ
• Different blood groups: DZ
• Large differences in eye, skin, and hair color: DZ
• One placenta: MZ (note that two placentas does not imply DZ)
• Alike as two peas in a pod; parents cannot tell the children apart: likely MZ
• Offspring and grandchildren cannot tell parents or grandparents and their twin apart: likely MZ
• Discordance for blood group or DNA markers: DZ
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Figure 1.
estimates within a twin study

391 DZ pairs, with the formula (cMZ-cDZ)/(1-cDZ). Subsequently, in 5, 10, 15, and 20% of these pairs, the zygosity

in general reduces the overall heritability

DNA data, select an optimal number of SNPs, and determine the allele sharing in all pairs
(genome option). This sharing is then given by the percentage of markers for which a pair
shares no alleles (Z0), one allele (Z1), and two alleles (Z2). From these proportions, the

for sharing 1 allele (Z1) (Figure 2
which DNA sample was typed for the twins.
This approach has several more advantages. There is a useful genotyped dataset
which allows for checking additional issues like genetic relatedness among participants,
gender, heterozygosity, and if the study population is ethnically heterogeneous. As next
steps, SNP sets can be imputed to, for example, the 1,000 Genomes phase 3 or the
Haplotype Reference Consortium (HRC) genome reference panels27. These data can
then be analyzed in genetic association studies and contribute through meta-analysis
in consortia to localization of genes for complex traits, to polygenic risk scores analyses
causative relations.
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Figure 2. Allele sharing of various family pairs plotting the sharing of one allele
versus Pi-hat to identify monozygotic and dizygotic twin pairs

Phenotyping: From Survey to Record Linkage
Twin registers have obtained a wide variety of phenotype data through various methods.
The basic measurement method often is the survey, with registers sending out surveys
at regular intervals. When deciding on what to include in a survey, the purpose of the
current survey as well as the long-term goals need to be taken into account. For instance,
a funded study may focus on alcohol use, but a long-term goal may be to determine
how genes and lifestyle contribute to depression, so it would make sense to include
a depression scale in the survey. Also, it is important to consider which data can still

educational level may not need to be repeated. Questionnaires also need to keep a
they should not be burdened with too many questions, risking attrition, or incorrect/missing
happy to share information to help the new register use well-established procedures and
avoid pitfalls in survey set-up. While survey data can be obtained in all or at least large
groups of participants, some data can only be collected in limited numbers. Laboratory
or expensive equipment are not easily applicable to large samples. Examples would
be studies on brain imaging or extensive cognitive testing. In these cases, participants
of information technologies are modifying data collection procedures in epidemiological
research and are also applied in twin studies. This includes computer-assisted surveys,
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and ambulatory assessment of objective (e.g., actimetry) and self-reported (e.g., mood
and exercise) phenotypes through web or mobile applications.
Data collection is not, of course, limited to surveys or laboratory assessment. The
assessment of environmental exposures linked to address or workplace information and
the development of exposome-wide association studies represents novel approaches to
gathering information for research purposes that do not need the direct involvement of
the register participant.
Record linkage to external databases (e.g., hospital, primary care, or insurance and
education records) also is an invaluable source of information that has been used by
registers, in Scandinavian and other countries. For example, Van Beijsterveldt et al.28
linked phenotype information from the Netherlands Twin Register to the database of the
Dutch pathological anatomy national automated archive. Record linkage was successful
for over 9,000 twin pairs. The effect of chorion type was tested by comparing the within-pair
similarity between monochorionic and dichorionic MZ twins on 66 traits. They concluded
a chorion type, on MZ twin resemblance was small and limited to a few phenotypes,
implying that the assumption of equal prenatal environment of mono and dichorionic MZ
twins, which characterizes the classical twin design, is largely tenable.
Possibilities for Biobanking in Twin Registers
Many twin registries collect biological samples from their participants. Initially, the reason
for collection of blood samples often was to have a reliable measure of zygosity based on
blood group or DNA typing, but biological sample collection can also extend the potential
of genetic epidemiologic research into, for example, cardiovascular and late-life health
and mortality, by allowing measurement of biomarkers. Combined with the twin design,
this allows estimation of the contribution of genomic factors (genetic, epigenetic, and
gene expression) and biochemical factors (metabolites and proteins) to intermediate
phenotypes and risk factors of disease, such as lipid levels29. Designs involving MZ
twin pairs allow discovery of variability genes, as demonstrated for lipid levels30. The
development of laboratory technologies has dramatically increased opportunities to
study collections of bio-specimens and their related data. This allows for comprehensive
genes and epigenetic factors, and provides support for a better understanding of disease
etiology.
The organization of biobanks becomes an important element with the increase of
bio-specimens and the necessity to conserve them. For example, whereas germ-line
variations in the DNA sequence of a person rarely depend on the age at which a sample
was collected, this is different for somatic DNA variation, epigenetic, and telomeric
34
determinant31–33
and
lifestyle factors such as smoking. Many types of samples (e.g., whole blood) contain

heterogeneous samples, assessment of cell counts allows to control for variation in
cellular proportions between samples.
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There are multiple strategies for collection, processing, and storage of biological samples.
A wide variety of specimen types may be collected and in many molecular genetic studies
more than one tissue is stored, including blood and blood fractions (plasma, serum,
buffy coat, and red blood cells), RNA, saliva, buccal cells, urine, hair, fecal samples, or
nails. Each of these specimen types needs to be collected, processed, and stored under
conditions that preserve their stability with respect to the intended future analysis35–38.
Collection of blood specimens should be carried out by trained personnel. An evacuated
tube system (vacutainers) or plastic tubes are commonly used to collect blood. Umbilical
cord blood is a useful source for research purposes since the method of collection is not
invasive. It can be obtained either through venous puncture of the umbilical cord or direct
drainage to a sterile container immediately after delivery (vaginal or caesarean). Blood
is often fractionated in components (mononuclear leukocytes, neutrophils, erythrocytes,
and plasma) before being analyzed or stored. When biobanking, blood should be
aliquoted across series of tubes, as most assays use only a small amount of plasma or
serum and this avoids thaw/refreeze. Serum or plasma allow for analyses of classical
biomarker assays, antibodies, nutrients, lipids and lipoproteins, leptin, adiponectin, growth
metabolomic and proteomic analyses.

and nuclear magnetic resonance spectroscopy provide novel biomarkers of metabolic
health39. Depending on the biomarker of interest, it may be important to collect, and note,
whether samples were taken after fasting, how long after a meal or on a particular day,
and of the menstrual cycle in women.
Whole blood, saliva or buccal cells are excellent source of DNA. Self-collection of buccal
cells is a safe, simple, and cheap method that can be used to reduce the cost of specimen
collection and is often preferred over blood collection by participants. Several methods
are used for collecting buccal cells, including swabs, cytobrushes, and a mouthwash
protocol38,40,41. Other sources of DNA include, for example, toe nails42.
In contrast to DNA, RNA is very sensitive to degradation at room temperature.
Transcriptomics studies require careful RNA collection, using the PAXgene Blood RNA
System, which consists of a blood collection tube in which intracellular RNA is stabilized
(PAXgene Blood RNA Kit). Alternatively, the samples can also be by snap frozen in liquid
nitrogen, or RNA can be isolated from PBMCs using Histopaque density gradients. Total
RNA, including miRNA, can be isolated simultaneously from different biological sources.
kit from Qiagen. For isolation, after homogenization, from tissue biopsies (e.g., cartilage
or adipose tissue) the miRNeasy Mini Kit from Qiagen can be used.
Many analytes, such as steroid hormones, pesticides, and a wide variety of drugs and
their metabolites, can be measured in urine, making it a convenient specimen for a
variety of studies. Urine collection can be performed under different conditions depending
on the study goal: immediately upon rising in the morning, random urine specimens
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(for drug monitoring and cytology studies), fractional specimens after the last evening
meal (to compare urine analyte levels with their concentration in blood), and timed urine
collections (e.g., 12 and 24 hours to allow comparison of excretion patterns). Urine
specimens should be maintained on ice or refrigerated for the duration of the collection.
Collection vessels are generally larger than for other liquid specimens (from 50 to 3000
mL). Due to the non-invasive method of collection and metabolic composition urine is
widely used in research of metabolite biomarkers and a wide range of diseases43.
For microbiome investigation, fecal samples can be collected easily in a sealed container
following simple instructions, and their processing can provide important information for
classical twin analysis, such as in the studies estimating the heritability of gut microbiota44,
and related epidemiological and molecular approaches.
Databases for Twin Registers
that recognize the clustered structure of data collected in twin families. Administrative
processes may consist of importing new participants, who may or may not be related
to existing participants, address management, documenting the participation status of
individuals (moved, not willing to participate, ill, and deceased), and storing information
on contacts and mailings with, for example, invitations to take part in particular studies,
the responses to mailings and invitations, and outcomes of approaching non-responders.
Any system that keeps track of personal information needs to adhere to guidelines
concerning privacy. Identifying information, such as name, date of birth and address,
should be stored separately from other information collected on participants. Often,
whose requirements depend on the dimensionality of the data. Phenotype data from
surveys will require different systems than imputed genotype data which may contains
as many as 50 million markers per person. Different databases may each work with
separate anonymous IDs, and keys to link databases should be carefully kept.
Databases that contain multiple relatives, should consider how to store information on
family relations45,46, especially when recruitment of participants not only involves twins,
but also other relatives and multigeneration pedigrees – for example, parents or offspring
of twins (see Box 5).
Data Analyses Issues in Twin Studies: Batch Effects and Family Clustering
Phenotyping in twins has often included biomarker assessments, such as lipids or
hormone levels, and increasingly include assessments obtained by means of highthroughput technologies, such as genetic variants, gene expression data, and epigenetic
components as established in twin and family studies47, and are themselves subject to such
studies, for example, studies of the heritability of methylation and gene expression15,48–52.
Subtle differences in the processing of batches of biological samples are known to give rise
to batch effect. The registration of information relevant to batch (batch number, analyst,
time, date) provides the means to correct for such effects, and various methods have
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Box 5: Twin designs
The classical twin design encompasses MZ and DZ twin pairs but there are other designs. For
instance, twin and adoption designs can be combined when twins reared apart are accessible.
More often, twin registers may have the opportunity to incorporate other kind of relatives (extended
twin family designs) that can be contemplated by a register even from the very beginning. These
extended designs and possible combinations offer additional opportunities and statistical power
to challenge research questions, such as the possibility to disentangling genetic from shared14,21,84
. The classical design may be enlarged
(children-of-twins design), or parents, offspring, siblings, and spouses85,86, according to available
register dataset. An example of such broadening of sample scope is provided by the Netherlands
Twin Registry46, which used an extended-twin pedigree, making use of all the relationship types
available in their database (except teacher-student), to be able to estimate the contribution of
shared household effects to neuroticism in the presence of non-additive genetic factors.

been developed to this end53–56. Regardless of the methods to correct for batch effects,
that this randomization should extend to case-control status and familial relatedness57,58.
Furthermore, sample size per batch is an important factor: the larger the sample size per
batch, the more accurate the batch correction.
Batch assignment of samples collected in family members raises the question of whether
samples of family members should be processed together in the same batch or should
be distributed – as far as possible – over distinct batches. We examined this question
in two small simulation studies (for details, see Supplement). In the ideal situation of a
balanced allocation design with relatively large batch sample sizes, accurate correction
of batch effects is feasible, as we established in a simulation study (see Supplement).
phenotype X, which predicted phenotype Y, where Y (e.g., a biomarker) was subject to
batch effects. Given the ideal scenario of random assignment and large batch sizes, we
found that allocation regime (randomized as pairs or as individuals) had little effect on the
results of either the regression of Y on X, or on the twin covariance matrix of Y conditional
bearing on these results.
In the second simulation study, we considered the decomposition of phenotypic variance
into additive genetic and shared and unshared variance components (ACE model) using
linear mixed modeling59. The sample sizes (NMZ and NDZ) were relatively small: NMZ = NDZ
= 200 (400 pairs) or NMZ = NDZ=120 (240 pairs); the number of batches was 15 or 25. The
batch assignment was random by pair (both twins share a batch) or by individual. Note
that randomization by individual does not rule out batch sharing. Conditional on batch,
the ACE components were 4 (A), 2 (C), and 4(E), and batch variance equaled 1 (i.e., 1/11
= 9.1% of the phenotypic variance). We conducted both one step analyses and two step
analyses (correct for batch effects in step 1 and estimate variance components in step
the one step analyses, the estimates of the variance components were as good as those
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obtained in the standard ACE model (without batch effects). In the two-step analyses, we
found that random assignment by individual resulted in slightly better estimates. Notably,
the C variance components was underestimated following random assignment by pairs
(see Supplement).
Note that in the absence of batch effects, family clustering may still be an issue in statistical
inference, based on the assumption that the data are independently and identically
distributed. For instance, in genome-wide association studies (GWAS), family clustering
violates the independence assumption. Happily, family clustering does not pose any
statistical problems, as random effects modeling and generalized estimating equations
can be used to either accommodate or to correct for the effects of family clustering,
or more generally for genetic relatedness60–62. Regardless of randomization scheme (or
not), detailed information should be recorded on batch (date and time of processing),
operator (technician), plate number, and position (row and column).
Retaining the Twins
To retain participants in a longitudinal study, it is important to remain in contact. Many twin
registers have set up a website providing information of the latest study results, news
on grants obtained, PhDs awarded, and more general information on twin meetings and
such. However, these may not be the best ways to form an actual connection between the
twin register and participants. Most twin registers therefore also contact their participants
in a more personal manner, either by letter or e-mail, sending out a regular newsletter to
make the participant aware that the register is still seeing them as a valuable contributor.
A number of twin registers also organize events in which twins and their family members
can meet each other but also can meet the researchers and ask any questions they may
have in person. Worth mentioning here is the annual gathering of twins at the Twins Day

organizing such large and regular gatherings, but when meetings are organized, they
are generally judged as very valuable.
In addition to general information, personalized information may also be given out to
(e.g., the results of an IQ tests or the cholesterol levels obtained in a blood sample) may
be returned to the participants, accompanied by an explanation of the results. However,
often little feedback is provided to participants related to the surveys completed during
the longitudinal follow-up, due to the material and personnel costs needed for sending
personalized reports to the large number of participants generally included in a twin
register. However, as technology advances new ways emerge of providing personalized
and post separate reports. At the Netherlands Twin Register, such an effort is now well
underway, with participants obtaining information on the survey results via the MyNTR
portal. As with the informed consent, it is important to consider the requirements of such
a portal in advance. Constructing a participant panel even before starting the actual twin
register that includes a number of twins who are willing to think about the various aspects
involved in providing feedback would be helpful in setting this up in the best way possible
for twins and the register support staff.
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Conclusion
Twin registers have a long and successful history and a brilliant future as a research
resource. The uniqueness of twin samples, the soundness and diversity of the
methodological approaches, and the huge amount of data accumulated during the last
decades characterize twin registers as invaluable contributors to the advancement of
science, including social science. Their versatility to adapt to multiple scenarios and
their orientation to collaborative work will preserve their value in the future as priceless
instruments for the expansion of knowledge in the complexities of human phenotypes.
registers can contribute to our understanding in virtually all areas related to human health
and behavior. Population-based registers, especially when representative of the general
population, are still cohorts of enormous epidemiological interest. The unique characteristics
of twin studies, including the ability to control both genetic and shared environmental
background, allow for addressing questions that are not easily solved in any other research
design. These capacities make them extremely useful for gene-environment transaction
research or causal inference studies63,64. Twin pairs — in particular those that are MZ —
are remarkably informative in respect to variability of phenotypic expression, pathogenic
mechanisms, epigenetics, and post-zygotic mutagenesis, and may serve as a model for
research on genetic defects15,18,65,66. Participation of twins in co-twin, control-designed, and
randomized controlled trials is an informative, albeit infrequently used, design67. The use of
twin studies has been advocated for guiding post-GWAS studies on the effects associated
with genetic variants68, enabling stronger tests of causal hypotheses69, formulating
future strategies in pharmacogenomics research70
evaluating biomarkers for disease15. Furthermore, due to their amenability to numerous
nonclassical study designs, data based on twin registers can integrate with other resources
is provided by the participation of twin biobanks in many of the large association studies
(GWAS and EWAS) that have been published in the last decade.
An additional feature empowering twin registers relies on their orientation to collaborative
work. The community of twin registers has a long history of successful alliances. The very
one hand, the existence of matching data across different registers and, on the other
questions investigators are interested in. In these circumstances, collaboration is not
only practicable, but it is a must. Multiple consortia and collaboration initiatives have
seen the light as an answer to those needs. The GenomeEuTwin71, EuroDiscoTwin72, or
the CODATwins (COllaborative project of Development of Anthropometrical measures
in Twins)73 consortia are just a few examples of associative efforts, joining together data
from a large number of twin cohorts in order to advance in the analysis of the genetic
and environmental underpinnings of human complex phenotypes. Other initiatives,
such as the International Network of Twin Registries (INTR)74 have emerged from the
International Society for Twin Studies, aiming to foster collaboration and serve as a
platform for networking and establishing research relationships between twin registers
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These collaborative efforts have a parallel outcome on infrastructures related to the
impact when joining efforts, the effective use of biobank resources depends on their
accessibility. Building a centralized database for the research community allows storing
of raw and processed data, reference data for case-control studies and imputation,
and linking to clinical phenotypes, so that data can be effectively used not only by
single research groups, but also in collaborative multi-center and consortium projects.
For instance, the advent of the GWAS method took advantage of such multi-center
that are robustly associated with complex disease phenotypes. The big databases permit
research on genetic, methylation, expression level, available protein, lipid, metabolite
level information, and on disease/phenotype level. In Europe, for instance, a range of
biobanks joined in the Biobanking and BioMolecular Resources Research Infrastructure
and national hubs (e.g., www.bbmri.nl) generated omics data by the same platforms and
shared these combined with existing phenotype data.
explanatory power and optimize the invested resources. Twin registers, and associated
biobanks, have an enormous potential that multiply when joining efforts, and new or
growing registers are always welcome to this endeavor. In this article, we have outlined
what we feel are the main principles and recommendations for the establishment and
management of a twin register, from its inception to its actual development. As pointed
out before, our intention has not been to enumerate a detailed checklist of actions, or a
complete step-by-step technical guide on this process, but rather to highlight the main
aspects that, from our perspective, need to be taken into account for being able to make
resource.
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Supplement
Processing biological material in batches may give rise to batch effects, i.e., intra-batch correlation greater
observations) concerns the manner of allocation of twins to batches. One may allocate randomly by
individual twin, or randomly by twin pair. The latter implies that the twin pairs share the batch, the former
does not rule out batch sharing. The following are the results of simulation studies carried out to answer
this question in three situations.
How to allocate twins to batch in assay of metabolites in an extremely discordant and concordant
(EDAC) twin design?
Discordant and concordant twin pairs are selected on the basis of phenotypic scores, for example
metabolites. The aim is to determine the association between metabolite levels and aggression. The
metabolites are determined on plates (i.e., in batches). The present question concerns the allocation of
twins to batch, given that plate is a source of systematic variation:
1) assign twin pairs randomly to batches
2) assign twin members (individuals) randomly to batches.
the selection is on aggression scores it is statistically expedient to regress metabolite (predictor) on
aggression (dependent). Selection on the predictor does not affect the regression, and if the selection is
based on an EDAC scheme, the selection results in little loss of power. Alternatively, one may choose to
regress metabolite on the binary aggression scores (e.g., 0=low, 1=high). Regression on the continuous
score is expected to confer greater power.
We make the following assumptions concerning the analysis. We assume that the twin data are to be
analyzed in a single statistical model, which will include the discordant and concordant twins. With respect to
this model, in testing the association of metabolite and aggression, we have to accommodate 1) the inherent
two-level structure (family clustering of twins in twin pairs), and 2) the batch effects. We consider two models:
1) Linear mixed model, in which effect of batch is accommodated by means of a random effect (variance
component).
2) Fixed regression model with metabolite corrected for batch in one or two step procedure. Two step

9

regress metabolite on plate and on predictor at the same time.
regression of metabolite on binary (0/1) or continuous aggression score.
Simulation 1. Random effects model.
The metabolite explains 5% of the variance in aggression. The heritability of metabolite is .6, the heritability
of the residual of aggression is 5. The number of batches is 70, the number of twin pairs is 600. The true
phenotypic variances of metabolite and aggression are both set to equal 1 and the variance is .25. All
variables have zero mean. So, the metabolite variance is 1.25. The number of replications is 50.
Allocation regime (pairs vs. individuals) has no effect on the estimate of the parameter of interest. We note
that, as expected, regression on continuous predictors confers more power than regression on binary
predictor (0/1). The variance components (Additive genetic, Environment and Batch) appear to be slightly
downwards biased in the allocation by pair, but accurate in the allocation by individual condition.

carry out the analysis of actual interest. We compared one and two step analyses in simulation 2. We
used linear mixed modeling in simulation 1 (estimating the twin covariance conditional on predictor and
batch). Here we use GEE (generalized estimating equations), i.e., we correct the standard errors after the
analyses using a sandwich correction.
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One-step: using GEE regress metabolite on predictor and batch simultaneously.

Conclusions are the same as those based on Simulation 1. Allocation regime (pairs vs. individuals) has
little effect on the test of the parameter of interest. Again, as expected, regression of continuous predictors
confers more power that regression on binary predictor (0/1). We see little differences between one and
two step procedure.

This simulation is the same as simulation 2. However here we employ a more extreme selection criterion
rather than a mean split (Simulations 1 and 2), the selection of high and low scoring twins is on the basis
of the criteria >.5 std unit or < -.5 std units. As in simulation 2, we carry out one and two step analyses
using GEE. Given the selection, we set the total sample size to 5000 (random sample) and select from
this sample based on the criteria mentioned.
The conclusions are consistent with those of simulations 1 and 2. The allocation regime, i.e., pairs vs.
individuals, has little effect on the test of the parameter of interest. The regression of continuous predictors
confers more power that regression on binary predictor (0/1), as expected. There is little difference
between the results of the one and two step procedure.
How to allocate twins to batches in assay of metabolites in the classical twin design
Simulation 4: estimating genetic and non-genetic variance components in the twin design.
In simulation 1, we noted that batch allocation by twin pair appeared to result in a slight bias in the
estimates of the variance components. In simulation 4, we examined the effect on variance components
out both one step and two step analyses. We consider relatively small sample sizes. We use linear mixed
modeling with REML (restricted maximum likelihood) estimation.
The results demonstrate that allocation regime has little effect in the one step analyses, regardless of
note a downward bias in the estimates of the A (additive genetic) and C (common environment) variance
components. This bias is greater in given the allocation by twin pairs, and greater as the number of
batches increases.
The supplementary materials are available online at
https://doi.org/10.1017/thg.2018.23
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Abstract
In this chapter we address the question whether individuals born from a multiple
pregnancy differ from singletons. The answer to this question is important for health
care professionals and researchers, as well as multiples themselves and their
family members.
differences in early life and conclude that a multiple pregnancy increases the risk
of congenital problems and mortality for the unborn and newborn children.
Next, we provide an overview of the outcomes of comparing adult twins to their
singleton siblings across a wide range of traits assessed in the Netherlands Twin
Register (NTR). In a within-family design, comparing twins to siblings from the
same family, we correct for familial confounding. Overall, hardly any evidence
explored, which included body composition and physical development, personality
and psychopathology, behavioral and sociodemographic traits, physiological
parameters and physical disease, and cognitive function. With the exception of
minor differences in body composition, twins do not seem to differ from singletons,
when taking family factors into account.
In conclusion, while being a twin can be seen as special, adult twins are similar to
ordinary siblings across most domains of life.
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Introduction
Over the past decades, twin and higher-order multiple pregnancy rates have increased in
many countries worldwide1–3. While the increased number of infertility treatments is often
contributor4. Compared to singletons, that is children born from a single pregnancy
originating with a single zygote, children born from a multiple pregnancy are born on
average 3 weeks earlier5, and are about 4 cm shorter and 1 kilo lighter at birth6. Multiples,
that is twins, triplets and higher-order multiples, may be at increased risk of complications
during pregnancy, delivery and in the postnatal period. The fetal origins hypothesis and
the developmental origins of health and disease hypothesis, often referred to as the
may affect later development and increases the risk of disease development and earlier
mortality7. Numerous studies in the general population have indeed found evidence for
an association of low birthweight with diseases including hypertension, cardiovascular
disease, and diabetes8, and with all-cause mortality9. An important question is whether
this hypothesis extends to twins, with twins compared to singletons having a higher risk
of disease development and early mortality due to their on average lower birthweight,
which would have consequences for the health care of multiples.
Twins do not only differ from singletons in birthweight. They also shared a womb, and
grew up with a sibling who is the exact same age and often the same sex and even,
depending on the zygosity, alike in physical appearance. Growing up with such a close
companion may lead to differences in behavior as it may encourage or discourage certain
behaviors and lifestyles through mechanisms of social interaction10. Twins also tend to
have older parents than non-twin children, and for a range of behavioral and cognitive
outcomes the children of older parents do somewhat better than children of younger
fathers and mothers11,12.
The above raises the important question of whether twins are similar to singletons,
both with regard to health and non-health related traits. The answer to this question
is relevant to health care professionals but also to researchers making use of the twin

that twins do not differ from non-twin individuals. For example, in studies of gene-byenvironment interaction, twins should not differ from singletons regarding their exposure
to the environment under study. While this seems a reasonable assumption, for example
in case of the death of parents, this may be different for some other life events such
as divorce or having an intimate relationship with others, because twin relations may
discourage such relationships13–15. Importantly, in addition to healthcare professionals
and scientists, twins themselves and their family members are interested in the question
whether and how twins are different from singletons.
differences in early life, e.g. birthweight, pre- and perinatal mortality differences, and
congenital problems. In the second part, we provide the results for adult twin – non-twin
comparisons across a wide range of traits assessed in the Netherlands Twin Register
(NTR), including a large series of biomarkers.
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Congenital Disorders and Infant Mortality
When the proportion of multiple births in Europe increased from 1.9% (1984-88) to 3.1%
(2004-2008), the prevalence of congenital anomaly from multiple births also increased16.
A multiple pregnancy carries extra risk for fetuses and neonates. Twins grow slower during
the third trimester than singletons17, experience more intrauterine growth restriction18 and
are more likely to have a low birthweight19
be limited to one of the members in a twin pair, in the case of selective fetal growth
restriction20. Compared to singletons, multiple birth children show a substantially higher
rate of overall perinatal mortality21,22 and stillbirth23,24, though some studies report lower
perinatal mortality rates in preterm twin pregnancies, possibly due to increased medical
surveillance in the case of a multiple pregnancy25,26.
In about 60% of twin pregnancies, malpresentation occurs, with one or both of the twins not
optimally positioned for birth27. Surgical delivery and assisted interventions during vaginal
delivery are common in multiple pregnancies22,28,29 and multiple birth is a risk factor for low
Apgar scores30,31. While preterm delivery and low birthweight explain part of the higher
perinatal mortality and morbidity rates in twins, the risk of adverse outcomes is still higher
when comparing twins with normal birthweight to singletons of the same birthweight2.
The second-born twin generally faces the greatest risks as obstetric complications, such
as placental separation, cord prolapse, uterine atony, prolonged intertwin delivery time,
29
and can cause fetal
distress, low Apgar scores, and neonatal morbidity32,33.
Prematurity and low birthweight are also associated with neurodevelopmental disorders
compared with singletons34–36. The risk of cerebral palsy is affected by birth asphyxia that
causes cerebral impairment36 and by neonatal death or stillbirth in the co-twin37.
There is considerable evidence that babies from multiple pregnancies have a higher risk
of total congenital anomalies than singleton babies36,38–40, with reports of a relative risk
of 1.29 for congenital anomaly in multiple births relative to singletons1. Hall41 estimated
that probably 10% of monozygotic twins are born with a congenital anomaly. The most
common anomalies in twins and singletons for which twins have a higher risk than
singletons are cardiovascular anomalies38,42–46. Higher rates in twins are also reported
for anomalies of the central nervous system, the digestive system, in particular gut
atresias, the genito-urinary track and musculoskeletal systems38,43. In addition, neural
tube defects have been reported more often in twins47 and the prevalence of clubfoot is
twice that of the general population48. Twins, however, do not seem to have an excess
risk of oral cleft compared to singletons48,49. With respect to chromosomal abnormalities,
study results differ. Some have shown lower rates of chromosomal abnormalities in
twins compared to singletons39,42,46,50,51, while others showed no differences38,43. Some
chromosomal anomalies and imprinting disorders are more prevalent in monozygotic
twins with discordant presentation. For example, in Beckwith-Wiedemann syndrome the
majority of affected twins have an unaffected monozygotic co-twin who may have only
some features of the disease, and it has been suggested that a methylation failure in the
twinning process is involved52.
257

10

Chapter 10

Several explanations have been proposed for the higher rates of congenital anomalies
and malformations in twins, including disturbances in early embryonic development,
especially in monozygotic twinning38,42,53, hemodynamic instability in monozygotic
placentation54
of infertility16,38,55, as well as maternal age at pregnancy56. In the majority of the cases,
congenital anomalies occur in discordant pairs where only one twin is affected57. The
etiology is poorly understood but may involve epigenetic factors58 as was found in a
study of monozygotic twin girls who were discordant for a caudal duplication anomaly59.
The coding region of the
was sequenced in both twins and while no mutation was
unaffected twin.
Several conditions are unique to multiple pregnancies such as monochorionicmonoamniotic condition, twin-twin transfusion syndrome (TTTS), and some rare
malformations such as conjoined twins, fetus in fetu, and acardiac malformation60,61.
Many congenital anomalies in twins are more common in monozygotic twins than in
dizygotic twins39 and within the monozygotic twins, more common in monochorionic than
dichorionic twins38. Together with TTTS, congenital anomalies are an additional risk for
mortality and adverse neurodevelopmental outcome in monochorionic twins62–64.
A very rare condition, which may occur in monozygotic twins, involves the reversal of
the internal organs known as situs inversus partialis or totalis65. Several case reports
of monozygotic twins with situs inversus are reported in the literature66–70. This may be
related to the phenomenon of “mirror twins”, when the features appear asymmetrical in
co-twins. For example, left-handedness in one twin and right-handedness in the other
twin may be the expression of an anatomical mirror image at the level of the nervous
system68. Other explanations include conjoined twinning, a late division of the embryo
leading to monozygotic twinning, and a malrotation of the viscera during early embryonic
life65,68.
In conclusion, a multiple pregnancy increases the risk of congenital problems and mortality
of the unborn and newborn. Still, the majority of twins are born healthy in countries with
good healthcare systems and develop normally. This however, does not exclude the
possibility that twins differ from singletons in more subtle ways. In the next part, we
therefore explore possible differences between twins and their singleton siblings.
Adult twin-sibling comparisons across a wide variety of traits
Background and Procedure
While a twin pregnancy carries, as described above, a number of risks, the majority of twins
are born healthy. One important question is whether such twins differ from singletons in
their development and health at later age. To provide insight into the potential differences
between multiples and singletons, it is essential to choose the correct reference group
to which to compare the multiples. By selecting a group of singletons from the general
population, this may introduce a bias as this population would also include individuals
from one-child families, confounding the effects of being born after a singleton pregnancy
with those of having no siblings. Even when choosing singletons from families with
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more than one child, this does not correct for potential differences across twin and nontwin families, such as parental behaviors or parental genotypes. Hence, differences
observed at the population level between twins and non-twins in so-called betweenbut they may also be confounded by between-family differences in, e.g., family structure,
urban-rural residency, and multiple other factors, including the maternal genotype, which
is known to be associated with DZ twinning71.
One way of eliminating these problems is by comparing twins to their own singleton
siblings. This design optimally matches controls (siblings) and cases (twins), as twins
and siblings come from the same family, and largely share their genetic background
and family environment72. Within-family designs are becoming common in molecular
genetics, where it is recognized that gene-outcome associations found among unrelated
A within-family comparison reduces confounding by these factors but does require
statistical approaches that take into account the dependencies in the data such as pairedsample tests. Alternatively, differences due to genetic and environmental factors can be
assessed in genetic structural equation models that simultaneously model the mean and
the covariance structure in the data73. This approach is often taken in behavioral genetic
studies, when the aim of the study is to estimate genetic and non-genetic contribution to
the observed variance in a trait of interest. These studies, however, do not always report
the outcomes of twin-sibling comparisons and sometimes assume that twins are similar
to non-twin siblings.
In the following, we employed the within-family design in an adult sample from the
Netherlands Twin Register. The Netherlands Twin Register (NTR) is one of the larger
twin registers and also includes family members of twins, collecting data on twins as
well as siblings, parents, spouses and offspring. The NTR conducts longitudinal survey
and experimental studies with the help of registered twins and their family members.
Information on young twins is obtained from parents and teacher reports, while adolescent
and adult twins and their registered family members provide the data themselves74. Here,
we compare adult twin individuals to their singleton siblings for a wide range of variables
collected in survey and biobanking studies. To this aim, we selected at random one
twin and a sibling from the same family, with the sibling of the same sex as the twin.
We also selected only those siblings of twins who did not differ more than 6 years in
age from the twin. For more detailed information on the methodology, please see the
Supplement
often included in the study design, relatively few studies reported the outcomes of twinthe outcomes of twin-sibling comparisons and added these results to our discussion of
twin-sibling differences in traits from various domains.

Tables 1 and 2
biobank data, respectively.
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Body Composition and Physical Development
Table 1 and Table 2 show that adult twins
being somewhat smaller and lighter than their non-twin brothers and sisters. This was seen
when data were obtained in the survey and trend was present for the data collected during
the home visit, when weight was measured. In line with the trend for lower body mass index,
twins also tended to have a smaller waist circumference at the time of the home visit.
Our results are in line with another large study in childhood and adolescence in the NTR,
where twins were shown to be shorter and have a lower BMI than their siblings75. In a
subset of this sample, they found the expected the twin-sibling difference in birth length
and birthweight, with the effect still present at the age of 1 year but found no evidence for
twin-sibling differences in body composition were seen any more at the young adult
age, though there was a trend for twins to have a somewhat lower weight and shorter
leg length. Additional components of physical development were also examined. While
differences in growth hormone levels were seen, with on average lower levels of DHEAS
and IGF-I levels in twins compared to their siblings76, male twins did not differ from their
siblings in testis size77 and female twins did not differ for age at menarche78.
These results and those of previous studies indicate that twins, who are more often
born after a shorter gestation period and weigh less at birth than their singleton siblings,
remain somewhat shorter and lighter well into adulthood, but in other aspects develop in
the same way as their siblings.
Personality and Psychopathology
Table 1
Few differences are apparent, with only a trend for a personality trait called “openness to
experience”, where twin seems to score somewhat lower than the siblings. For sensation
seeking traits twins and siblings are similar, and twins also did not differ from siblings in
their perception of support, life satisfaction, or loneliness. Several NTR studies previously
tested and reported on adult twin-sibling differences in personality, in large samples that did
not employ within-family designs, and reported no twin-singleton differences for the traits
studied, which included sensation seeking79, neuroticism80 or trait anger81.
With respect to psychopathology, Table 1 shows twins did not differ from their siblings in
ADHD symptoms in adults. They also did not differin borderline personality total scores,
81
, nor for anxious depression.
Depression, anxiety and a combined anxious depression score were the subject of
several previous studies in large samples of adult twins and singleton siblings, but no
13,14,82
. Adult twins and singleton siblings
13,15
were also similar in the prevalence of burnout . Earlier NTR studies did not show
evidence for differences between twins and siblings for obsessive-compulsive symptoms
in adults83 nor, in sample of young adults, for autistics traits84. A comparison of younger
twins and siblings with respect to psychopathology showed no differences in ADHD
symptoms between adolescent twins and singleton siblings85. Table 1 also shows twins
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TABLE 1.
Outcomes of within-family twin-sibling comparisons for body size, personality, mental health,
demographics and lifestyle data collected in adult participants (survey 8) from the Netherlands
Twin Register
Twins and siblings from the same family were selected to be of the same sex and of similar ages (not
more than 6 years apart in age).
Pairs
N

Twin

Sibling

Mean

SD

Mean

SD

Twin-sibling
comparison results
T-test value p-value

Continuous traits
Age (years)

685

30.41

12.86

32.14

12.20

-15.347

0.000

Height (cm)

655

173.73

8.93

174.40

8.50

-2.480

0.013

2

Body Mass Index (BMI, kg/m )

634

22.73

3.12

23.89

3.82

-7.365

0.000

NEO neuroticism score

613

29.38

7.60

29.90

7.29

-1.400

0.162

NEO extraversion score

613

42.97

5.94

42.50

6.00

1.510

0.132

NEO openness to
experience score

613

36.59

5.78

37.37

5.82

-2.734

0.006

NEO agreeable-ness score

613

45.54

4.97

45.01

4.84

2.206

0.028

NEO conscien-tiousness
score

613

44.76

5.78

45.04

5.54

-0.948

0.344

SSS total sensation seeking
score

411

11.22

2.41

11.13

2.45

0.711

0.478

SSS thrill adventure seeking
score

605

9.16

3.65

8.83

3.69

1.942

0.053

SSS experience seeking
score

418

16.00

4.46

16.33

4.58

-1.205

0.229

SSS boredom susceptibility
score

593

13.45

4.79

18.30

4.82

-0.303

0.762

SSS disinhibition score

593

23.28

3.70

13.18

3.52

1.566

0.118

561

561

2.81

22.98

3.06

1.782

0.075

UNC-FSSQ affective
support

559

13.81

1.97

13.72

1.99

0.745

0.457

SWLS general satisfaction
with life score

649

27.67

4.91

27.34

5.17

1.299

0.194

TILS loneliness score

633

3.90

1.20

3.96

1.26

-0.920

0.358

CAARS ADHD index

599

8.11

4.12

8.44

3.93

-1.554

0.121

PAI-BOR total borderline
personality score

603

15.16

8.37

15.92

8.22

-1.775

0.076

PAI-BOR affect instability

603

4.40

3.00

4.59

3.00

-1.225

0.221

PAI-BOR identity problems

603

3.82

2.72

4.05

2.90

-1.562

0.119

PAI-BOR negative
relationships

602

4.14

2.85

4.62

2.75

-3.244

0.001

PAI- BOR self-harm

602

2.81

2.40

2.65

2.31

1.242

0.215

ASR anxious-depressed
scale

526

4.93

5.15

5.29

5.46

-1.183

0.237

support
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Table 1. (continued)
Pairs
Dichotomous traits

Twin

Sibling

Test statistics

N

N yes

% yes

N yes

% yes Chi-square p-value

Being in good subjective
health

657

590

89.8

575

87.5

1.675

0.196

Ever been in contact with
mental health services

532

128

24.1

160

30.1

5.339

0.021

Regular sport participation

634

415

65.5

399

62.9

0.945

0.331

Regular alcohol use (2 or
more times per week)

618

233

37.7

248

40.1

0.912

0.340

Current smoker

613

217

35.4

203

33.1

0.929

0.335

Ever tried hash

591

167

28.3

178

30.1

0.578

0.447

Being in a steady
relationship, when 30 years
or older

312

275

88.2

280

89.7

0.271

0.603

Living together with partner,
when 30 years or older

312

258

82.7

268

85.9

1.095

0.295

Functional Social Support Questionnaire; SWLF, Satisfaction With Life Scale, TILS, Three-Item Loneliness Scale;
ASR, Adult Self-Report.

and singleton siblings were similar in their reports of being in good health and in ever
having been in contact with mental health services.
siblings in personality and psychopathology. Any differences found were very small.

Table 1 also presents the results of the twin-sibling comparison for various health
behaviors, which show twins to be similar to their singleton siblings in their reports of
regularly sport participation, regular alcohol drinking, current smoking behavior, and ever
having tried hash. This is in line with NTR studies, in which the prevalence of problem
drinking86 and cannabis use initiation87 was similar in twins and their siblings. Likewise,
previous NTR studies that examined aspects of childhood behavior have not found
differences between twins and siblings for bullying and victimization in 9-year-old twins
and siblings88 and for truancy during secondary education89.
With respect to sociodemographic traits, Table 1 indicates that there are no differences
between twins and siblings for being in a relationship, and for living together with a partner.
As age may play a role, we limited our comparison for relationship status to those aged
30 or older. A previous study by Middeldorp et al.13 showed that at the age of 27 years
monozygotic female twins were less often in a relationship than siblings. NTR studies on
status90 and the prevalence of being in a creative profession91. However, compared to their
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singleton siblings, twins more often lived in highly urbanized areas in two younger age
cohorts, though no difference was seen for the oldest age cohort92. It is possible that in the
younger cohorts the age difference between twins and siblings was of importance, as the
increasing family to move to less populated areas.
Overall, twin status does not affect choices related to health behavior and most other
behaviors, though particular aspects of social behavior such as being in a relationship
Biomarkers and Disease
The results for our twin-sibling comparisons for biomarkers can be seen in Table 2. For
total cholesterol, HDL cholesterol, LDL cholesterol, and triglyceride levels, there were no
looking at the data the pattern seems to suggest a trend for siblings to have higher values,
in particular for insulin. However, differences in BMI between twins and siblings are
strongly related to differences in glucose metabolism parameters and when comparing
scores after the effects of BMI are taken into account, twins and siblings were similar in
glucose metabolism. We further compared twins and siblings on C-reactive protein, white
variables. This is in line with a previous small-scale study including 222 twins and 85
siblings in which no differences between twins and siblings were observed for the cytokine
response to ex vivo amyloid-beta stimulation93. Table 2 also summarizes the twin-sibling
data for liver enzymes and creatinine, which were similar for the two groups. This extends
94
, who in a larger sample that included this subset, also
reported no differences in the liver enzymes aspartate aminotransferase (AST) and alanine
aminotransferase (ALT) but did not comment on gamma-glutamyl transferase (GGT).
While the majority of our comparisons did not reveal any twin-sibling differences, there
was a trend for twin and siblings to differ in telomere length, with shorter telomere
length in the siblings compared to the twins, even when correcting for age effects
using standardized scores. Further studies would be needed to determine whether this
represents a meaningful twin-sibling difference.
A series of previous NTR studies focused on cardiovascular functioning in adult twins
and their siblings. No differences were seen for blood pressure, whether measured in a
97
laboratory setting95, ambulatory during everyday life96
.
For cardiac functioning, operationalized as heart rate or heart rate variability, again no
98,99
. Twin-sibling
99
100
differences were also not present for respiration rate or cortisol .
With respect to other physical diseases, NTR studies in adult women showed twins did not
differ from their singleton siblings in the occurrence of polycystic ovary syndrome based
on survey information101, nor in the presence of cervix smear abnormalities as determined
by cervical screening102. Twin-sibling differences were also not reported for asthma in a
study including more than 11,000 adult male and female twins and siblings, but surprisingly
siblings reported somewhat higher rates of allergy than twins (23.3% vs 18.2%103).
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In summary, these studies show that, while there may be a few exceptions pointing to a
disadvantage in singletons, twins and their singleton siblings are generally very similar in
biomarkers and disease.
Cognitive Function
We did not a apply within-family test for cognitive function in the present study, but
here summarize the results from previous NTR studies. A number of studies in young
twins have shown differences in cognitive abilities. In samples of twins and siblings with
average age between 9 and 13, twins scored lower on full scale, verbal and performance
IQ104 and on IQ, reading performance and verbal working memory105. De Zeeuw et al.106
tested cognitive function in the largest sample yet, including 1375 twins and 1375 siblings
performance and verbal working memory) at age 9 in twins compared to their siblings.
into account the cognitive disadvantage of twins dissipated. Lower scores for cognitive
function was only seen when comparing the twins to older siblings. When comparing
the scores of twins at age 9 with the scores of their younger siblings at age 9, twins no
longer differed from their singleton siblings. Twins did not differ from older or younger
siblings with respect to for visuospatial working memory, verbal and spatial short-term
memory. Interestingly, twins scored higher on physical education than their older and
younger singleton siblings106. Note that not all studies on cognition in young twins showed
lower scores in twins compared to their singleton siblings. A recent study including more
than 11,000 twins and 262 of their siblings at age 7.5 that reading ability in twins was
comparable to that in siblings and to national norms107. Two smaller NTR studies provided
information on the twin-sibling comparison for adult cognitive function: Van den Berg et
al.108 found no twin-sibling differences for reading vocabulary, and Posthuma et al.109
showed no difference in intelligence between twins and siblings.
Overall, while lower scores for cognitive ability in twins have reported, these effects seem
often score higher on cognitive tests than those later born, an effect which is independent
of whether they are born from a singleton or multiple pregnancy. As not all studies in
children showed lower scores across the cognitive domains and studies in adults did not
show any twin-singleton differences, a twin-singleton difference for cognitive function
Concluding Remarks
A twin or multiple pregnancy carries an increased risk of prenatal mortality and congenital
abnormalities. However, the majority of children born from a multiple pregnancy are
healthy at birth and develop into healthy individuals. Still, multiples could differ from
singletons in other ways, due to their lower gestational age and birthweight or due
to growing up with a sibling of the same age and often same sex and looks, i.e. the
close companionship hypothesis. Our studies indicate that twins do not differ from
their singleton siblings across a wide range of behavioral and lifestyle parameters,
biomarkers, or diseases.
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TABLE 2.
Within-family twin-sibling comparison for biomarkers as assessed in the Netherlands Twin register
Twins and siblings from the same family were selected to be of the same sex and of similar ages (not more than 6 years apart in age).
Twin

Pairs

N

Correlation of trait
difference with

Sibling

Mean

SD

Mean

SD

Difference Difference
in BMI
in age

Twin-Sibling comparison
results using
standardised scoresa
T-test
value

p-value

Age (years)

382

36.30

12.28

37.37

11.98

1.00

.084

-6.586

0.000

Height (cm)

378

174.37

9.02

175.58

9.13

-.041

-.089

-3.855

0.000

Body mass index (BMI)

374

24.37

4.05

25.29

4.37

.084

1.00

-3.399

0.001

Waist circumference (cm)

373

83.30

11.26

85.72

12.23

.062

.809***

-3.153

0.002

Fasting total cholesterol (mmol/l)

323

4.85

1.02

4.94

.94

.103

.074

-.911

0.363

Fasting HDL (mmol/l)

323

1.40

.35

1.41

.37

.053

-.258***

-2.118

0.035

Fasting LDL (mmol/l)

323

2.93

.92

2.95

.84

.089

.096

-.223

0.824

Triglycerides (mmol/l)

323

1.16

.57

1.27

.63

.033

.277***

-1.450

0.148

Fasting Glucose (mmol/l)

321

5.30

.73

5.41

.88

-.000

.266***

-1.140

0.255

Fasting Insulin (µIU/ml

315

8.41

4.83

9.82

7.94

.055

.392***

-1.539

0.125

Hba1c (%)

318

5.26

.51

5.33

.64

.116

.051

-1.388

0.166

6.33

1.72

6.58

1.94

.020

.165**

-1.690

0.092

1.470

0.143

12

White blood cell count (10 /L)

346

4.68

.48

4.66

.46

.022

.164**

C-reactive protein (mg/L)

353

2.69

4.18

3.47

5.00

.030

.299***

-1.726

0.085

Interleukin 6 (pg/mL)

347

1.42

1.27

1.97

5.24

.093

.043

-1.758

0.080

AST (U/L)

293

20.83

6.92

20.68

7.22

.075

.113

.701

0.484

ALT (U/L)

275

10.93

7.39

11.02

9.19

.085

.072

.314

0.754

GGT (U/L)

293

28.03

24.47

29.87

24.00

.081

.184***

-.399

0.690

Creatinine (U/L)

293

85.52

13.95

85.28

14.26

-.058

.046

.420

0.674

Telomere length

289

2.78

.69

2.66

.49

-.209***

-.045

3.491

0.001

265

Note: Abbreviations: ALT, enzymes alanine transaminase, AST, aspartate transaminase, GGT, gamma-glutamyltransferase
* < 0.05, ** < 0.01, ***< 0.001
a Age and sex standardised scores were used in the paired sample t-tests for height, BMI and waist circumference, for all other variables age, sex and BMI standardised scores were used.
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Red blood cell count (10 /L)

347

12
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The one aspect on which twins differed from non-twins was body composition. Twins
remained smaller and lighter compared to their singleton siblings, even as adults, attaining
about 1 point lower BMI lower than singletons. As very few physiological differences
aspect of being a twin.
Very little evidence was found for the close companionship hypothesis: twins did not differ
from their singleton siblings across a wide range of behavioral and psychological traits.
Twins did do better than singletons in physical education classes at school, which could
indicate the effect of always having a playmate during childhood. In adults, no differences
be present at younger ages. We did not test for effects of zygosity and we cannot exclude
monozygotic twins, as implied by the Middeldorp et al.13
twins were less often in a relationship than others. However, as our study included a
situations and groups.
We did not investigate effects of fertility treatment. Many of the studies presented here
were conducted in twins who were born before ART and IVF became a frequently
used in the Netherlands, but it may have occurred in the younger twins participating in
the studies. Still, many of these twins will not have had a sibling, as fertility problems
occurred in these families, and the number of IVF twin-sibling pairs will thus be very
limited. A previous study by the NTR using matching of IVF with DZ naturally conceived
twins showed no differences in growth, attainment of motor milestones, or in behavioral
development, leading to the conclusion that for nearly all aspects, development in these
groups of children is similar110.
While twins and siblings born in the same family do not differ, it is still possible that
individuals born in twin families differ from singletons born within non-twin families due
to the genetic background of their parents. This may be especially so in dizygotic twin
families, as we know that mothers of DZ twins are somewhat taller and heavier than
mothers of monozygotic twins111, and genes found to be related to twinning are also
related to increased body mass71. In a study of 5-year-old Dutch twin children, female
twins were as tall as singleton children, while male twins were still somewhat shorter than
children from the general population and twins overall had a lower BMI than the general
population112. In a separate study, Estourgie-van Burk et al.75 reported no differences in
height between young adult twins and their siblings and their height was comparable
to the general population. For BMI, no differences were observed between 18-year-old
twins and 18-year olds from the general population, whereas the siblings of twins had
increased BMI values. A Finnish study among 17-year-old twins reported that twins were
as tall as singletons, but that boy twins were still leaner, though an American twin study
showed no twin effects on weight and height at age eight113. It is possible that, when it
comes to body weight and body height, twins on average reach their full potential at a later
age than singletons. Alternatively, twins may never reach their full potential for height and
weight. As a large number of the genetic variants involved in body composition are now
known, this hypothesis could be tested in the near future. Other factors may also differ
266
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within families for twins and non-twins. Maternal age at birth and parity are higher on
average for dizygotic twins, and twins differ from singletons in gestational age. Also, the
rearing environment is different for two children than for a single child, though this is not
Another aspect that may deserve additional attention is the position of multiples in the
family. For a number of cognitive traits, the differences between twins and siblings could
be explained by position within the family. This has not been systematically studied for
other traits, which may reveal similar position-in-family effects. In addition to the position

birth complications more often occur for the second born twin, this may be another factor
leading to small differences between twins and singletons.
Our results regarding a large number traits and common disorders are fairly optimistic,
indicating that twins do not differ from singletons. By comparing the twins to their nontwin siblings, we avoid confounding by between-family factors. We note, however, that
our work did not look at rare disorders and that despite the large number of participants in
the Netherlands Twin Register some forms of bias may be present. Parents of twins who
presented with serious complications at birth may decide against participation. Adolescent
and adult twins with health problems, whether mental or physical, may be less inclined to
enroll in the longitudinal study or may drop out during the study. In addition, the decision
attainment. Still, twins are born in all strata of society and tend to be motivated to take
is related to educational attainment, participants with lower educational levels are also
present in the sample.
In conclusion, with the exception of congenital disorders and body composition, twins do
not seem to differ from singletons, when taking family factors into account. While being a
twin can be seen as special, for most traits twins are just like ordinary siblings.
Quotes by twins
In the ninth NTR survey to adult participants74, twins were asked whether they liked being
a twins. The following quotes are a selection from answers provided by more than 5000
They highlight that a multiple pregnancy carries risk:
• “I did not grow up as twins. Twin sister died at birth”
Many of the multiples view their multiple status as something special, though not everyone
responds positively.
• “I like it as long as people see you as separate individuals. It is in any case not ordinary
and I do like that”
• “Sad for all those singletons…honestly”
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• “Quite nice. I have different (closer) contact with my twin brother than with my other
brothers”
• “Quite nice; as twin you are never alone”
• “Being a twin has two sides. A very nice side because we got along very well as sisters
and because being a twin is also somewhat special. The disadvantage of being a twin is
that I have the feeling I am constantly compared to my twin sisters and that I do this also.”
• “Still somewhat special. You do have another connection with each other than with my
other brothers (4)”
• “Super great! Feeling that there is someone who always has my back and who
understand me. This is I think because we are also friends”
• “In general nice, because we understand each other very well and are strongly
connected. But sometimes it is also a bit suffocating since you were and are always
compared to each other and we also compare ourselves and never want to do under for
the other”
• “Nice. You have a special connection with each other which you do not have with
had my sister and never had to do this”
However, comments also indicate that the multiples do not see much difference with
ordinary brothers and sisters, especially not as adults.
• “We are a dizygotic twin pair, so I do not see it as very special. I do not connect more
with him than with my other brothers”
• “We have a very different life. I view him just like my other brother”
sister and my twin sister are just as important for me. The one is not more important
than the other. Sometimes it is nice to be a twin, sometimes less nice. It has (in the past)
advantages and disadvantages”
• “Quite nice, not very special”
• “Quite nice but not as special as people often expect”

• “It is somewhat more special than other brothers/sister, but for the rest not much
difference”
• “In the past special to do everything together, now I do not notice much. It is just like an
ordinary brother”
• “In the past very nice, now it just seems as if we are normal sisters”

268

Twin-singleton comparisons

• “OK. In the past I did a lot together with my twin brothers Now it is just like with my other
brother or sister”
• “Normal. No differences with people who are not a twin”
• “Not different than having my other two brothers”
Supplement Within-Family Twin – Non-Twin Comparisons Across a Wide Range of
Traits Assessed in the Netherlands Twin Register
Participants and selection procedure
To compare twins to their siblings, we made use of the data from two separate projects:
(1) the eighth NTR survey on health, lifestyle and personality, which was sent out to
adult participants between 2004 and 200974,114; (2) a large-scale blood collection project
carried out between 2004 and 2009 in which participants were visited at home to obtain
blood samples and health information115.
twins and their singleton siblings with known age, sex, birth year, and, in the case of
twins, zygosity. Known half-siblings and non-biological siblings were excluded. Next, we
randomly selected one of the twins in case a twin pair both participated and assessed
whether there was a same-sex singleton sibling in the family who was born within 6 years
from the twin. This sibling was then selected, if at the time of participating he or she was
within 6 years of the age of the twin. In the case multiple singleton siblings of a twin met the
criteria, we selected the same-sex sibling closest in birth year. We made two exceptions
to this procedure. In the case of an opposite-sex twin pair, when a male twin-sibling pair
could be formed in the dataset, we selected the male pair. This was done to maximize the
presence of male pairs in the analyses as fewer males participated than females. When
both older and younger siblings within the 6-year time frame were present, preference
was given to the sibling younger than the twin, as twins more often have older siblings
than younger siblings. Even applying these criteria, our sample selections included more
female pairs than male pairs and more older than younger singleton siblings.

As part of a longitudinal survey study, this survey was sent out to adult twins registered
with the NTR. It was completed by 10,176 multiples and 2,142 siblings and collected
information on a wide range of traits114. After applying the selection criteria, the sample for
the present analyses consisted of 685 twin-sibling pairs, 177 (26%) being male. Average
age of the twins at the time of survey completion was 30.4 (SD=12.9) and of the siblings
32.1 (SD=12.2) years. In 142 (21%) of the pairs, the twin was older than the sibling. We
compared the twins and their singleton siblings on the following continuous traits: selfreported height and body mass index (BMI, calculated as weight(kg)/height2(m)); the big
116,117

; borderline personality
components measured with the Personality Assessment Inventory-Borderline Features
scale (PAI-BOR118); sensation seeking score and its subscales thrill and adventure
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seeking, boredom susceptibility, disinhibition and experience seeking as measured
with the Sensation Seeking Scale119,120
121
); the anxious
depression scale of the Adult Self-Report which combines elements of depression and
anxiety122
Duke-UNC Functional Social Support Questionnaire; and life satisfaction as measured
with the Satisfaction With Life Scale123; loneliness as measured with the Three-Item
Loneliness Scale124. In addition, we compared twins and siblings on categorical traits
with outcomes operationalized as yes versus no, including the following traits: being in
good health (reports of good or excellent health were coded as yes), ever been in contact
with mental health services, being a current smoker, drinking alcohol regularly (reports of
in a relationship (data only included for those age 30 years and older) and living together
with a partner (data only included for those aged 30 years and older).
NTR Biobank
Between 2004 and 2010, 9530 individuals provided a blood sample and health-related
information as part of a large-scale biobank project115. When conducting the selection
procedure as described above, this resulted in 382 twin-sibling pairs, of which 144 (38%)
were male-male pairs. The average age of the twins was 36.3 (12.3) and of the siblings
37.4 (12.0). In 265 pairs the singleton sibling was older than the twin. We compared twins
LDL and triglyceride levels), glucose metabolism (glucose, insulin and HbA1c levels),
liver enzymes alanine transaminase (ALT), aspartate transaminase (AST) and gammaglutamyltransferase (GGT), creatinine as measure of kidney function and telomere
had kept to the instruction to be fasting at the time of blood collection115.
Analyses
All analyses were conducted in IBM SPSS Statistics version 25. To compare the twins
with their singleton sibling we conducted a paired-sample t-test for continuous traits and
a McNemar chi-squared test for categorical traits. As age and BMI may be important
factors in the physiological parameters, we here correlated the differences in age and
BMI for the twins and siblings with their differences in physiological parameters and
present the test outcomes for age, sex and BMI standardized residuals. Considering
the large number of comparisons conducted, we consider a trend when p-values are
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This chapter incorporates two book reviews, which I wrote at the invitation
of editors of the journal Twin Research and Human Behavior. It is exciting

and its author. Interestingly, that both books were written by authors who are
experienced twin researchers and the twins themselves. The book
1
was written by Joleen
Greenwood in 2018. It is based on an account of the personal experiences
of over one hundred identical twins. The book Deliberately Divided 2 was
written by Nancy Segal in 2021. This book follows the thought-provoking
documentaries on twins separated at birth, The Twinning Reaction and Three
For twin researchers, these books are of interest because
they provide a perspective on the personal experience of twins, and touch
upon important issues of twin research relating to the psychology of twinning,
emotions, the involvement of twins in science, ethics and moral dilemmas.

11
Published as:
Twinship Experience by Joleen Loucks Greenwood (2018). Twin Research and Human
Genetics, 22(3): 99.
Odintsova, V. (2021). Book review: Deliberately Divided: Inside the Controversial Study
of Twins and Triplets Adopted Apart by Nancy Segal (2021). Twin Research and Human
Genetics, 24(5): 350-351.

Chapter 11

To Feel how it Feels

various points of view, such as their anthropometric measures, cognitive and behavioral
characteristics, and health, as well as numerous of other phenotypes. But do we really
life with someone exceptionally similar to oneself in many respects? Or to celebrate every
birthday and experience every milestone with said person, while also being compared
with him or her? What is this intersubjective dimension of thoughts, feelings and emotions
that is extremely unique to twins? It is something very different to just seeing yourself in
the mirror. A twin is another person, someone with whom one can talk, share thoughts,
the book,
The twin experience itself is exceptional; the story of even just one twin pair merits its own
literary piece. However, the basis of this book is to fully investigate and attempt to understand
the personal experiences of 113 identical twins of different ages and stages of life.
twins, but not often taken into consideration by others. For instance, how does this rare
other siblings and partners? Insight into the closeness — and also the strain of a twin

by many participants in different stories. By analyzing these stories, the author attempts
to classify and systemize the twinship experience while also synthesizing its essence.

search of additional sources of support in a twinship to aid in coping with a stressful

twinship experience can have different periods of togetherness, of sharing relationships
with friends, siblings and partners, of distance or separation and even of losing one half
of the twin pair. Taking this all into consideration, it is clear that through her book, Joleen
captures the dynamic nature of twinship relationships.
The fact that the author is an identical twin herself makes the description more animated
and provides a unique look into the intimate world of twins, as it brings in a more personal
perspective that makes the text more sincere, and I would also say more vulnerable —
you can feel the nerve of the invisible connection between two people brought into the
world together.
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All of these make reading

feel as though it is exciting storytelling and

recommended to twin researchers, educators, social workers and psychologists, it is
life through exceptional personal experience. After all, we understand ourselves better
through understanding the similarities and differences between others.

“Deliberately Divided”. Deluding walls of silence
The book Deliberately Divided by Nancy Segal is one of those cases in which the story
The
Twinning Reaction and
describe the events around a cohort
of triplets and twins who were separated at birth in the United States in the 1960s.
These events were not only shocking, but raised questions and internal controversy in
one set of triplets were given up for adoption by their mothers at around 6 months to the
adoption agency Louise Wide Services, and separated and given to different families.
The adoptive parents were not informed about the existence of co-twins or co-triplets,
or the medical history of the biological families, but gave their consent to participate in a
study of “child development” conducted by the Child Development Center in New York.
The children were followed by researchers who knew all about the circumstances of the
one by one the children found out the truth and searched for information about their
biological parents through DNA testing companies, and via the media. Their emotional

Child Development Center (CDC) Twin study, led by Professor Peter Neubauer with
support of the adoption agency, has created a precedent that may become a stumbling
block in collaboration between scientists and research participants around the world
and linger for a very long time.
material of all the cases of twins and triplets who took part in the LWS-CDC study. The
information was collected from all possible sources: interviews, articles from the press
and from highly specialized journals read only by small groups of professionals, emails,
and telephone conversations. Sometimes participants refused to meet with the author,

adoptive families and life after separation, the reunion between twins, and life afterwards.
This part reads as an engaging detective story. So many parallel lines of discovery are
described, many of which are tragedies, of the sensitive reactions to the discovery of
being a divided twin, with sometimes a long search for the co-twin, or the loss of one of
the twins due to suicide or illness. At times it seems as if an invisible reality inexorably
sets in motion certain physiological mechanisms. This determinism is associated with
the history of the study participants (often psychopathological diagnoses in biological
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parents), vulnerability to emotional and stressful events, and possibly not yet studied
long-term consequences of the twin bond and separation.
explanations of their conduct based on the understanding of the case in three dimensions
– “legalities, framework for research, and moralities”.
The genre of the book is different from the documentaries. As Erik Barnouw notes in his
book Documentary: A History of the Non-Fiction Film, a documentary cannot consider “the
truth,” but rather the testimony of a fact or event within a social and historical context, when
3

as a documentary, shows that part of reality that is available

existing television shows, investigative journalism, cherry-picked facts, and triggering.

were those who at some stage had tested separated twins and felt uncomfortable
or who had heard of the study
and discussed it. Why did these representatives of science not initiate an investigation
into the events and assumptions of the study, or publish an explanation to the public
published
twins separated at birth?

4

in 1990 and explicitly presented the cases of identical

In sociology, there is a concept known as “walls of silence”, which is a phenomenon when
witnesses and participants in events remain silent and do not disclose errors, misconducts,
or crimes5. It is quite amazing how dense the “walls of silence” can be when dazzling ideas
been invested, and the emotions of people who discover that their fate has been determined
without their awareness are completely disregarded. Nowadays, we are more likely to talk
For

at least two letters of protest appeared in response to
Twin
Mythconceptions7, Nancy Segal used a myth-debunking technique regarding twins. And
this time the technique was applied with full descriptions of what errors are contained
and preventing it from receiving “authoritative” awards. Despite all the resistance, Segal
managed to interview or obtain interviews with some of the researchers who participated
in the LWS-CDC study, as well as their colleagues and relatives, putting together an
incredible archive, the list of which is about 100 pages at the end of the book. When the
question “How could this happen?” arises, an unbiased position of an expert who takes
the courage to answer the question and is not afraid to be in the cross-hairs, is extremely
important.
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Nancy Segal is an extraordinary expert who has been devoted to twin studies for most
of her professional life. Thanks to this experience, her presentation encompasses much
more than a single research project. She knows the detailed stories of hundreds of twins
from the unique cohorts of twins who were reared apart or switched-at-birth6. Her talent
as a writer has presented readers with several books on these topics, and perhaps no
one could better tell the story of the LWS-CDC study, which has shocked the viewers of

motivation of all participants in the described events. In this book, Segal managed to
accomplish those feats.
for the motivations of not only the twins, but also the researchers themselves and the
adoption agency involved. This is where we learn much more about the other side of twin
research – often invisible, and impersonally presented in mass media as “scientists have
made a discovery...”
but from the belief that to grow up with a twin (being also from a family with psychiatric

and approaches it from the mindset of those surrounded by ideas circulating about
psychoanalysis, nature and nurture, genetics and the environment. This was a time
just after the discoveries of molecular biology that irrevocably turned science towards
zooming in on the chemistry of human life. In fact, this book is unique in its analysis of
human delusions – not just philistine delusions due to ignorance or emotional upheavals,
but highly intellectual, argued delusions regarding the Machiavellian postulate “the end
literature, but also of philosophical and legal literature.
elegant” study design, based on two types of twins – identical and fraternal (mono- and
dizygotic), developing in parallel from the moment of conception. Twins around the world
psychopathology, genetics, behavior and development. As Segal notes, “Twins usually
enjoy being in research because they are eager to learn more about themselves and are
2
.

11
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The research presented in this thesis broadly covers the genetics and epigenetics of
early life development. It describes several traits and exposures in association with early
life characteristics and DNA methylation, the prediction of traits and exposures based
on genetic and epigenetic data. Furthermore, this thesis describes the methodology
associated with twin data in population-based and biomarker studies. I studied the
early life characteristics and DNA methylation in a large prospective population-based
cohort of the Netherlands Twin Register, with, in some chapters, additional data from
the prospective population-based Avon Longitudinal Study of Parents and Children
(ALSPAC) in the United Kingdom.
The thesis is divided in three parts. The
exposures.

is dedicated to early life traits and

Chapter 2
Apgar scores. Apgar stands for Appearance, Pulse, Grimace, Activity, and Respiration.
The score is used to rapidly assess the status of newborns after birth, and to determine
if respiratory support is needed. Variance decomposition in a sample of 5,181 twin

characteristics, namely zygosity and birth order, have an effect on Apgar scores.
birthweight, cephalic fetal presentation at birth, and mode of delivery with caesarean
section, forceps or vacuum extraction increase the probability of having low Apgar
fetal presentation at birth and vaginal mode of delivery increase the probability of
of several characteristics previously associated with Apgar scores, such as sex of the
child, mode of conception and parental characteristics at birth (maternal and paternal
In Chapter 3 I introduced the concept of DNA methylation, one of the molecular
mechanisms of gene expression regulation. In a review of the literature, I discussed
its role in early development and how it manifests in the effects of prenatal maternal
changes in DNA methylation level in children exposed to prenatal maternal smoking, with
the strongest associations with CpG sites in the AHRR gene1. These changes show a
long-lasting character, although with increasing age the effects decrease. The relevant
genes are predominantly involved in developmental processes, such as growth and
anatomical development. Several studies detected an association between maternal
smoking, epigenome, and such outcomes as obesity2, inadequate immune response3,
and neurodevelopmental disorders4.
Chapter 4
whom 517 children were 5-9 years old (mean age 7.9, sd 1.14), and 489 children were
10-12 years old (mean age 11.2, sd 0.73). In children younger than 10 years, I found
that buccal cell DNA methylation at CpG sites in
and ATG10
genes and at three intergenic positions in the genome was associated with initiation
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of breastfeeding. In children older than 10 years methylation differences at these
associated with mQTLs and are known to be associated with prenatal maternal smoking
and infertility. The genes related to these CpGs were associated in GWASs with family

an independent NTR sample of 98 children of the same age, with buccal DNA methylation
data. No nearby sites were associated with breastfeeding in the ALSPAC sample of 938
children of the same age with DNA methylation in blood.
Chapter 5 summarizes the associations of early life characteristics with handedness,

role in handedness in my study of 37,495 NTR twins. Being male and preterm increased
the probability of being left-handed or mixed-handed. Effects of other characteristics,
and mixed-handedness. Parental handedness and being breastfed is associated with
age, mode of conception, maternal smoking and maternal stress during pregnancy, being
born in summer, fetal presentation, mode of delivery, birth weight, and Apgar score were
not associated with handedness. Mixed-handedness was associated with adverse future
outcomes in neurodevelopmental and externalizing behaviors.
Following a large genome-wide association study of handedness5
perform an epigenome-wide association study of left-handedness combining two large
datasets from the NTR and ALSPAC adults (N=3,914) with DNA methylation in blood,
in Chapter 6. We found two differentially methylated regions in BLCAP and NNAT
on chromosome 20 and in
on chromosome 2 associated with left-handedness.
The genes located in the region on chromosome 20 are imprinted in the brain and are
involved in brain development and nervous system functions. The hypomethylation of the
region in blood cells in left-handed individuals suggests that genomic imprinting may play
a role in handedness. The CpGs from this region have previously been associated with
myalgic encephalomyelitis, chronic fatigue syndrome, preterm birth, obesity, metabolic
parameters, and arm fat mass (DXA scan measurement). The region on chromosome
2 contains the protein-coding gene that is associated with several diseases, such as
error of leucine metabolism, and CpGs that were previously associated with psychiatric
diseases including schizophrenia. Overall, the observed effects of left-handedness on
DNA methylation were small. Therefore, we could not conclude that DNA methylation is
associated with left-handedness in blood cells or buccal cells.
In the second part of my thesis I started in Chapter 7 with a review of the candidate
gene, genome-wide association, epigenome-wide association, and other omics domain
studies of aggression and related phenotypes. For this literature review, I used an
automated literature selection tool. Our analysis of manual and automated procedures
revealed that the automated literature selection tool resulted in a decrease of ~40% in
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workload. In addition, the automated tool detected literature not found by the traditional
approaches for literature searches.
We found that only 4 studies out of 18 genome-wide association studies of aggression
of differentially methylated loci in blood and buccal cell DNA related to aggression. The
aggression6. However, the DNA methylation score explained only 0.29% of the variance
in aggression in adults6. Polygenic scores, in comparison, explained between 0.04% and
0.44% of the variance in aggression in 7-year old children7.
The prediction based on polygenic scores (PGS) and by DNA methylation scores was
analyzed more in detail in Chapter 8. Blood DNA methylation scores were constructed
based on summary statistics from the largest EWASs for several traits. The DNA
methylation scores predicted these traits independently from PGSs. In an adult NTR
sample (N=2,431), DNA methylation scores outperformed PGSs for a number of traits,
including smoking status (R2 54.4% vs 0.16%), former smoking (R2 15.5% vs 0.5%),
prenatal maternal smoking (R2 16.9% vs 0.5%), and BMI (R2 6.4% vs 5.5.%), but not
birth weight (R2 0.4% vs 1.5%). These same traits (with the exception of own smoking
status) were also analyzed in buccal cell DNA in 9-year old NTR children (N=1,128), but
were not predictive of any of these outcomes.
In the third part of the thesis, I discussed methodological tools and developments of new
In Chapter 9, I described the use of twin resources for guiding post-GWAS studies, and
the potential for integration of twin registers with biobanks and other resources to boost
search of disease biomarkers for medicine. I discussed the opportunities to enhance
phenotyping through record linkage from multiple sources and the addition of more
biological data collections to twin register biobanks. Several critical issues that can
crucial role in the heritability estimates within a twin study reducing the overall heritability
estimate. The processing of batches of biological samples together with family clustering
calls for statistical correction procedures, as shown in this chapter. At the end of Chapter
9, I presented several examples of successful consortia collaborations, which by pooling
data from a large number of twin cohorts may advance the analysis of the genetic and
environmental underpinnings of human complex phenotypes.
In Chapter 10, the comparison of 10,176 multiples with 2,142 siblings demonstrated that
twins do not differ from their singleton siblings with respect to a wide range of behavioral and
psychological traits, biomarkers, and diseases. One observed difference concerned body
mass index and height. Twins remained smaller and lighter compared to their singleton
siblings, even as adults, with a BMI 1 point lower than singletons. In the literature congenital
a twin or multiple pregnancy at an increased risk of prenatal mortality and congenital
abnormalities. Quotes from the twins on unique twinning experiences and their perception
of the multiple status as something special are included at the end of Chapter 10.
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11 Chapter. It describes
the dynamic nature of twinship relationships through the lifespan and discusses the
potential harmful effects of separation of twins that happened in the past, and the ethics
of inclusion of twins in research.
General discussion

on questions related to association versus causality, the importance of replication of

trait genetics and personalized epigenomics.
Early life factors and epigenome
and epigenome-wide association studies.
Studies into the relationship of adverse early life environment and later health outcomes in
life, especially noncommunicable disease, are not novel8. Many prenatal and early postnatal
factors are related to adverse outcomes in epidemiological studies. These factors include
prenatal maternal smoking9, heavy alcohol consumption10, prenatal undernutrition11, folic
12
, low socioeconomic status13, birth complications14,15, maternal birth
stress during pregnancy16, and absence of breastfeeding17.
In my thesis, I studied a set of prenatal, perinatal, and postnatal characteristics
in association with Apgar scores and non-righthandedness. We found that some
characteristics, such as shorter gestational age, lower birth weight, breach or horizontal
fetal presentation, delivery tactics in complicated deliveries, monozygosity, being a
second-born and longer delivery time were related to poor newborn status at birth, as

not associated with Apgar scores. Both left-handedness and mixed-handedness were
associated with shorter gestational age and male sex.
Associations between early life characteristics and non-righthandedness are not
necessarily causal. The association with sex and parental handedness indicates that a
genetic component plays a role in non-righthandedness. The association of handedness
some other (latent) factor(s). Similarly, the relationship between mixed-handedness and
adverse neurodevelopment outcomes and externalizing problems does not necessarily
imply a causal link between those outcomes and mixed-handedness.
so-called Barker hypothesis that relates prenatal adverse factors that affect the pregnant
woman, and consequently her fetus, with several diseases in adulthood18–20, and with the
concept of developmental plasticity. Developmental plasticity relates the adverse prenatal
environment with the metabolic processes in fetus and susceptibility to disease21.
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The epigenetic mechanisms in this context lead to long-term changes in gene expression
capacity for transcriptional regulation is altered22. The DNA sequence is static, although
the DNA sequence, an exposure (e.g., intrauterine environment), an inherited imprinting,
a consequence of a disease, disease-associated factors, or random effects. Some
studies have provided evidence that DNA methylation mediates effects of adverse early
life factors, such as gestational diabetes23 and maternal smoking during pregnancy24, on
poor outcomes later in life. In this thesis, I reviewed epigenome-wide association studies
of maternal smoking during pregnancy and performed epigenome-wide association
discovery studies of breastfeeding and left-handedness. These EWASs were exploratory
and focused primarily on establishing associations.
In my review on maternal smoking during pregnancy, I described the comprehensive
meta-analysis of Joubert et al.1, which detected over 6 thousand differentially methylated
CpGs across the genome in children whose mothers smoked during pregnancy. Following
the meta-analysis of Joubert et al. (2016), Sikdar et al.25 addressed the question of
whether the differentially methylated CpGs associated with prenatal maternal smoking
in newborns overlap with differentially methylated CpGs associated with own smoking in
adults. A substantial number (1709) of differentially methylated CpGs overlapped, and a
large number of CpGs (3838) were unique for prenatal maternal smoking. Wiklund et al.
studied the potential mediatory role of DNA methylation in the association of maternal
smoking during pregnancy and adverse offspring health outcomes26. They addressed
the issue of whether methylation markers have causal effects on disease outcomes
in offspring between the ages of 16 and 48 years with Mendelian randomization and
mediation analysis. In this case, Mendelian randomization was facilitated by instrumental
genetic variants that are known to be strongly associated with DNA methylation, known
as methylation quantitative trait loci (mQTLs)27. Their analysis provided evidence for a
bowel disease or schizophrenia.
In children of around eight years old, I reported seven CpGs associated with
breastfeeding assessed in buccal cell DNA. The association between DNA methylation
and being breastfed may be due to a causal effect of breastfeeding on DNA methylation
or confounding effects28. Confounding prenatal and postnatal factors may include

infants to breastfeed. As was shown by Merjonen et al.29 in an analysis of NTR data,
70% of individual differences in initiation of breastfeeding are explained by genetic
the breastfeeding initiation transmitted from mothers to children. Walker-Short et al.
tested methylation in cord blood and peripheral blood in children and found three CpGs
30
. According
to Walker-Short et al., the explanation may be that the child inherited methylation marks
associated with the breastfeeding exposure, and that this exposure is associated with
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her decision to initiate breastfeeding, data on breast milk compounds, maybe though
metabolomics studies, and data on infant diet.
The low estimate of the heritability of handedness (~25%31) suggests that the etiology
of handedness involves mechanisms beyond DNA sequence. Our joint meta-analysis of
NTR and ALSPAC data detected two differentially methylated regions associated with
left-handedness. The CpGs from this EWAS meta-analysis that are located close to the
left-handedness-related SNPs from GWAS meta-analysis5 have stronger associations
with left-handedness and are not driven by DNA methylation quantitative trait loci
(mQTLs). This indicates that both DNA methylation and genetic variants at these loci are
associated with left-handedness. However, the observed effects of CpGs were small.
Future epigenetic studies in other tissues related to the nervous system may shed light
on the etiology of handedness. Given that laterality and handedness appear very early
in prenatal development32,33, we expect that some biomarkers of laterality in peripheral
tissues will be found with larger samples, larger coverage of the epigenome, and
measurements of DNA methylation at early stages of fetal development.
The relationship of left-handedness and breastfeeding that we found has also been
reported in several other studies34,35. As we performed the EWASs of both breastfeeding
to both phenotypes. If we look at DNA methylation in buccal cells in association with
common CpG in top 500 CpGs (cg17337463, chr1, RAP1A;
10-05; breastfeeding = -0.026, p-value=0.0005).

LH

= 0.027, p-value 1.9

Considering DNA methylation in different tissues – buccal cells in NTR children
in association with breastfeeding, and peripheral blood samples in adults in the left-

differences associated with breastfeeding and left-handedness, in peripheral tissues.
Further studies are needed to explore the genetic and DNA methylation architecture
behind the relationship between breastfeeding and handedness.
Replication and reliability
In this section, I discuss some issues of replication of epigenome-wide association studies
results. An EWAS is generally more complex than a GWAS, because the epigenome is

different epigenetic studies do not always replicate. Van Rooij et al. discussed the
EWASs of current smoking, which differed with respect to the results regarding number
36
. Replication
in epigenetic investigations is as important as it is in genetic studies. However, diversity
correction for confounders etc.) complicate the generation of reproducible EWAS results.
As I discussed in my paper on establishing a twin register, biomarker assessments may
include batch effects, small sample size per batch, and dependent observations in the
batches (i.e., family members). It is, however, also important to devote attention and
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resources to carefully assessing age at sample collection, to collecting multiple tissues,
e.g., buccal cells in addition to blood, and to the measurement of cell composition, as
was done in NTR biobank37.
The differences in the adjustment for covariates and source of DNA may explain
differences in the replication of EWASs of breastfeeding. Walker-Short et al.30 did not
methylation in peripheral blood. They found similar associations with CpGs located
nearby or in LEP, detected in candidate gene study analyzing DNA from buccal cells38,
and in an EWAS analyzing DNA isolated from peripheral blood39. Our study failed to
41
replicate previously reported CpGs located nearby LEP39,40
, and CDRN2A42, but
replicated four other hits that have been detected in an EWAS using peripheral blood43.
As shown by Naumova et al. in an EWAS of breastfeeding, about 10% of the variability
in methylation level of CpGs is associated with the variability in cell-type composition in
peripheral blood43. Most EWASs included cell counts, technical variables, sex, and age at
DNA collection, and also other covariates that are strongly correlated with the phenotype
of interest, or that are known to affect DNA methylation. Our analysis of breastfeeding
included a wide set of covariates such as maternal smoking during pregnancy, gestational
age, SES, maternal pre-pregnancy BMI, and maternal age at delivery. However, it is
unlikely that a wide set of covariates is always available. In general, covariates included
in EWASs of breastfeeding differ among studies39,42. Another issue in replication of our
methylation in buccal cells and breastfeeding, which we found, were not replicated in the
ALSPAC cohort with DNA methylation in peripheral blood.
We expected that left-handedness would be associated with similar DNA methylation
differences across multiple tissues given the potentially early processes of lateralization
in early development32. We attempted to replicate our meta-analysis results in both
peripheral blood and buccal cell DNA methylation samples in ALSPAC and NTR with
EWASs performed with the same set of covariates. However, replication was not seen,
in applying cross-tissue DNA methylation analysis were also demonstrated by the lack
of predictive value of DNA methylation scores, generated with different DNA source in
discovery and target studies. Currently, there is no clear evidence that DNA methylation
changes respond to environmental exposures in a similar way across tissues44.
which is related to sample size and small effects of single CpGs. Power calculations
for EPIC array studies revealed that >80% power to detect an effect of 2% requires
a sample size of 500 cases and 500 controls for complex phenotypes45. Differentially
methylated position analysis (site-by-site) leads to underpowered analysis, given the
small effects at a single CpG. To increase sample size, meta-analysis is commonly
applied. This involves aggregating results from different populations with measurement
of DNA methylation obtained at different time-points, and provides more power and
generalizability of results. To solve the problem of small effect sizes in EWASs, different
techniques are applied, such as differentially methylated regions (DMR) analysis and
the use of DNA methylation scores. The analysis of differentially methylated regions
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NTR adults – DNA methylation in blood
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Figure 1. Multi-omics prediction by polygenic scores and DNA methylation scores
in the Netherlands Twin Register adult dataset with DNA methylation data in blood
(N ranged from 720 to 2,410)
cant prediction of the trait;
PGS, polygenic score; MS, DNA methylation score.

combines statistics from different CpGs located within a certain region46,47. The
construction of DNA methylation scores based on summary statistics from earlier studies
and testing its predictive ability is another approach of combining the measurements
across the genome, and increase power48.
We applied meta-analysis and DMR analysis in the study of left-handedness, adjusting for
dependencies between the sites and uncertainty in the EWAS effects. The detected lefthandedness-associated regions are results for further study of laterality and handedness
in animal and human models. DNA methylation scores were predictive for several traits,
but not for left-handedness, as discussed in the following section.
Summarizing, the epigenetic analyses of breastfeeding and left-handedness illustrate
the common problem of obtaining reproducible EWAS results44
of EWASs faces challenges regarding standardization of analytical methods and power.
The questions of how to reduce the heterogeneity and which covariates to include in
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NTR children – DNA methylation in buccal cells
2.6%

Prenatal Maternal Smoking

2.5%

BMI
Birth Weight

1.4%

Left-handechess

0.5%
0

0.5

PGS

Trait

1

1.5

2

25

3

MS

N sample
N CpGs
in target sample
in MS
(NTR)

Tissue
N
in discovery in discovery
study
study

Prenatal Maternal
Smoking

606

547

4,994

BMI

183

1,072

5,387

blood

Birth weight

958

1,070

8,825

cord blood

Left-handedness

12

799

742

blood

cord blood

Figure 2. Multi-omics prediction by polygenic scores and DNA methylation scores
in the Netherlands Twin Register child dataset with DNA methylation data in buccal cells
(N ranged from 547 to 1,072)
PGS, polygenic score; MS, DNA methylation score.

the EWAS analyses remain open. Correcting for such traits as BMI and smoking
substantially changes the results, and is often recommended in analysis of complex traits
and exposures in order to remove their variation from the data36. Studies that report
results at a lenient thresholds for the probability of making a type I error when analyzing
small sample size should be interpreted with caution45.
Prediction by polygenic scores and DNA methylation scores
methylation scores (MS), as described in different chapters in this thesis: prenatal
maternal smoking, birth weight, body mass index (BMI), current and former smoking,
left-handedness, and aggression with reports from the studies in the NTR6,7.
is one of the great expectations in genomics and precision medicine49,50. The predictive
value of a genetic or epigenetic predictor may be interpreted as the extent to which the
predictor predicts an individual outcome. The proportion of explained variance is used to
evaluate the performance of the predictor at population level. By combining the effects of
multiple SNPs or CpGs into a single score, a larger proportion of variance is explained
compared to the variance that is captured by a single SNP or a single CpG. PGSs and
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BODY MASS INDEX

Low

High

GWAS
EWAS

Figure 5.
and overlaps in Gene Ontology (GO) terms “GO Biological Process”
Note in Figure 3-5 that the chromosomes are colored by gene density where blue indicates low density, white intermediate
density and red high density.

MSs translate GWAS and EWAS results back to the individual level, by summing the
measure genetic susceptibility for a certain outcome at the individual level. MSs extend
and the effect of the trait and exposure on the DNA methylation.
Both PGSs and MSs can contribute independently to the prediction of a trait. Both depend
on the effect sizes of the associations in the discovery study, which in turn depend on
sample size and other factors (e.g., ethnicity, sex, reference set, LD structure, etc.).
51,52
for example, and MS
53
54,55
predictions work reasonably well for age and smoking . Previous studies also have
shown that for BMI and mortality, DNA methylation scores based on multiple CpGs from
EWASs show better predictive ability than currently available polygenic scores56,57.
We combined genomic and methylation data for several traits and exposures in two
datasets of adults with blood DNA methylation data and children with buccal cell DNA
methylation data in the Netherlands Twin Register. The syntheses of the polygenic and
DNA methylation predictions are presented in Figures 1 and 2.
follow-up of our studies on PGS and MS prediction, and performed Gene Ontology (GO)58
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enrichment for traits and exposures, of which the PGS and MS explained a statistically
mass index). Note that the results of this follow-up are preliminary at this stage. Our main
question was: what biological relevance may polygenic and methylation scores contain,
and do they cover the same part of the genome or do they differ in mapping the genes?
We performed the analysis on SNPs from the GWAS by thresholding and clumping, and
-8
(p
) index SNPs for each locus resulting from the clumping of the GWAS
summary statistics for each phenotype were annotated using the Variant Effect Predictor
of Ensembl59,60. To generate a complete set of SNP annotations, the index SNPs were
also queried for the nearest gene using Ensembl BioMart61 and the resulting annotations
were added to the VEP outcomes. The CpGs from the EWAS summary statistics (for
-7
-7
smoking at p
, pruned, for prenatal maternal smoking at p
, unpruned,
-1
and for BMI at p

The GWAS gene sets were (1) compared with respect to composition to the above EWAS
gene sets. The gene sets for each EWAS-phenotype and GWAS-phenotype combination
were subsequently taken as input for Gene Ontology (GO) term enrichment analysis
for the GO “Biological Process” category62–64. For each phenotype the resulting sets of
p-value < 0.05) GWAS and EWAS GO terms were (2) again
compared with respect to composition.
The results are presented in Figures 3-5, which give the genetic locations of the SNPs
and CpGs annotated to the SNPs and CpGs for own smoking, prenatal maternal smoking,
and BMI; the overlaps of gene sets for all phenotypes, and the overlap of GO terms for
BMI. Supplemental Table 1 shows the overlapping genes, and Supplemental Table 2
shows the overlapping GO terms for BMI.
The methylation scores were generated based on weights from the discovery study in
cord blood, and blood. In the target sample of NTR adults methylation scores (blood)
outperformed PGS for own smoking, prenatal maternal smoking, and BMI (Figure 1).
The methylation scores did not predict birth weight, but PGS did.
Most variance in the trait/exposure is explained by MS for own smoking and prenatal
maternal smoking. Tobacco exposure is considered an environmental exposure that
and scores were created for smoking55,65–69 and prenatal maternal smoking1,67,70. Gao et
al. demonstrated that while mQTLs for smoking-related probes have been detected, a
substantial number of CpGs are independent of nearby SNPs71. Our follow-up analysis
showed that top GWAS and EWAS gene sets had no common genes, and no common
biological processes GO terms for smoking. One common gene was detected for
prenatal maternal smoking exposure: a protein-coding gene MAML3 (mastermind like
maternal smoking based on the weights from the UK Biobank. Interestingly, the PGS
added 0.8% to the explained variance in the trait.
proportion of variance in BMI and outperformed the PGS. Together the PRS and the MS
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accounted for 12% of the BMI variance. Both scores contributed independently in our
prediction analysis. Nine common genes were found in the GWAS and EWAS gene sets in
our follow-up analysis (Supplemental Table 1
terms (Supplemental Table 2). Around 30% of GO terms were related to metabolism.
The variance in birth weight was explained by PGS, but not by MS. However, there is
evidence that differentially methylated patterns in adults are related to birth weight72 and
preterm birth73 (resulting in low birth weight). We expect that the prediction will improve
with the publication of discovery EWASs of birth weight in adult populations, and with the
and target samples. BMI and birth weight are physical characteristics, with heritabilities
between 47-90% for BMI and 26% for birth weight. BMI also has a behavioral component,
system74,75. In addition, birth weight-associated CpGs have been related to prenatal
76
.
reports on MSs of left-handedness and aggression in the literature, in addition to our
NTR studies. PGSs were generated using the largest meta-analysis to date as discovery
studies, including around 1.5 million individuals for handedness5, and 87.5 thousand
individuals for aggression77. However, the variance in these traits explained by PGS and
MS separately and together did not reach 1%. Recently, Ocklenburg et al.78 constructed
PGS of handedness based on the GWAS by de Kovel et al.79 in 296 adults. PGS was
combined hand preferences for various activities (incremental R2=2.6%). PGSs generally
do not explain much variance of psychiatric diseases and related complex traits, due to
factors such as heterogeneity of the phenotype, and power issues80,81.
action could be determined by a rule, because every course of action can be made out
to accord with the rule”82
explained to establish an accurate predictor in the context of PGS and MS prediction. For
MSs generated in our studies, performance depends on the sample size and tissue for
DNA extraction in the discovery and target samples, the underlying genetic architecture
and stability of DNA methylation changes and is also related to the period between an
event and DNA methylation measurement. The MSs that were analyzed in our studies
may more appropriately be considered as biomarkers of an exposure or a trait83,84, rather
than a predictor of a future condition.
molecular biology underlying the traits and exposures of interest. Future studies are
needed to investigate what kind of information is captured by GWASs and EWASs, and
how this information can be used to improve multi-omics prediction of the traits and
exposures. In addition, the nature of the common and non-common genes and GO terms
could be investigated in more detail to gain more insight in the differential biological
meaning of the EWAS and GWAS results. We suppose that for exposures polygenic
the effect of exposure as well.
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Twins as subject of research
participants in the various studies in this thesis.
on research questions, which are relevant to the twin population. Data from twins can
be included in a discovery study, using statistical methods to accommodate relatedness,
or meta-analysed with other population-based results, as we did in the EWAS of lefthandedness. The outcome from twin-singleton comparisons across a wide range of traits
indicate that twins can be added to association studies of singletons for many traits and
that twins can be included in population-based GWASs, was given by study of Beck
et al.85. They reported robust positive genetic correlations, that do no differ from unity,
between the meta-analysis results of twin birth weight and previously published GWAS
results of singleton birth weight.
Millions of twins have participated in twin research all over the world, and their
contributions have created a treasure trove of data86. Collaborative efforts pooled
together the twin registries from different countries by many consortiums, such as
NorTwinCan, IGEMS, GenomEUTwin, and CODATwins86. An excellent example of
such collaborative work was realized by a group of twin researchers who had collected
epigenetic data on twins. Combining resources from the largest world twin registers
from the Netherlands, Australia, United Kingdom, and Finland, these researchers made
epigenetic signature that can detect if an individual is a part of the monozygotic twin
pair87
technologies and infertility treatment, of the twinning split, the etiology of many
congenital disorders, and the vanishing twin syndrome. This is an example of gamechanging epigenetic research using twin data.
that do not arise in singleton studies, such as a necessity of participation of both twins,
the use of information on heritable traits for individuals who have the same genome,
exposures. Researchers working in behavior genetics and genetic epidemiology are
aware of such questions and also of psychological issues that may be unique to twins,
experienced twin researchers (who happen to be twins themselves), Nancy Segal and
books on the twinning experience and the participation of twins in research88,89.
Future directions
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datasets. The new technologies of automation are transforming the nature of research
work, decreasing the burden of research routines, such as screening of the science
literature. Automated procedures to screen for relevant literature, based on machine
learning and natural language processing, helped us to systematize a huge body of
early version of automated tool ASReview, which was developed by van de Schoot and
colleagues at Utrecht University. Today, the ASReview is a complete software tool that
can either be installed locally or on a server. ASReview was designed for alleviating
the manual systematic reviewing process. It can however also be used to screen large
amounts of any textual data as long as its properly formatted (https://asreview.nl). More
automated tools employing machine learning and deep learning are needed to extract
meaningful information from the articles and (epi)genetic summary statistics with reduced
My studies of early life characteristics and traits were focused on establishing associations
in large datasets. The central problem in the interpretation of the association between
prenatal exposure and offspring risk for certain disorders is to distinguish the degree to
which the association is driven by a causal effect of prenatal factors or by confounding
variables that predict both the risk of prenatal factors in the mother and outcome risk in
her offspring90. There are several ways in which DNA methylation data, as a methylation
score, can be used to study the relationship between early life factors and later outcomes.
First, a methylation score can be used as a measured confounder. This approach is used
in some studies, in which the AHRR methylation is used as surrogate variable to correct
for smoking55
of left-handedness in ALSPAC EWASs. Development of epigenetic studies could bridge
the risk factor and the outcome, as DNA methylation contains a signature of both, and of
multiple confounders. Second, a methylation score could be included as a hypothesized
causal variable, a substitute of an early life factor.
My epigenetic studies were mainly focused on associations between methylation
and early life characteristics and did not consider the problem of causality. To study
causality between DNA methylation signatures and scores and early life characteristics,
further studies with other methodological approaches are needed. One approach is
the discordant monozygotic twin-pair design, which can accommodate genetic and
shared environmental confounding91. Twin research has a unique potential to contribute
through different twin models that are capable of disentangling the sources of phenotypic
for confounding in within pair designs. Another approach to study causality is Mendelian
on an outcome by using instrumental genetic variants that are robustly associated with
the exposure92. Given such genetic variants, this approach could be applied to study the
association between left-handedness and breastfeeding34,35, for example.
Epigenetic studies can contribute to the network of phenotypes, disorders, and disease
genes that link known disorder-gene associations93. Integration of genome-wide
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and epigenome-wide data will bring new insights to the genetic architecture of many
complex traits, as is currently the case in the network-based modeling approaches in
cancer research94. Development of multiple DNA methylation estimators of different
complex traits, diseases, and exposures will contribute to the active translation of
53,87,95–98
. DNA-methylation
relevance before they are applied in individual diagnosis and research. Several DNA
methylation estimators have been developed: tests for imprinted disorders95, multiple
DNA methylation age estimators or “epigenetic clocks”97,99,100, lifestyle and biochemical
68
traits98
, and epigenetic predictors of mortality96.
Recently, a promising DNA-methylation-based estimator of monozygotic twinning was
published87. All these advances contribute to the development of personalized genomics.
fast progress. Following the initial successes in prediction of body mass index based
on stable epigenomic signatures101, it was expected a decade ago that epigenomics
would “get personal”102. Today several commercial epigenetic tests based on currently
available DNA-methylation-based estimators are already available to consumers103.
Much work needs to be to be done to prepare for the advent of low-cost epigenome
reading, including solving issues regarding the information epigenomic data can provide
about individuals104. Such issues need to be studied as carefully as the technological and
biological discovery aspects of human epigenomics. I expect that one day the epigenetic
changes, treatment, and healthy aging. I hope that these biomarkers will be accessible
and interpretable for individuals and their medical doctors, and will provide early signs of
disorders for prevention, differentiation diagnostics, and prompt intervention.
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I., & van Dongen, J. (2019). DNA Methylation Signatures of Breastfeeding in Buccal Cells Collected in
Mid-Childhood. Nutrients, 11(11), 2804.
For Chapter 4, I obtained funding from Amsterdam Public Health (APH) for a working visit to Bristol
University. The two research groups (the NTR and ALSPAC) designed the study with discovery study in
NTR and replication in ALSPAC. I made a literature review on effects of breastfeeding with inputs from
Gennady Sukhikh and Vassilios Fanos. I made a literature review on epigenome-wide association studies
of breastfeeding with input from Doretta Caramaschi on an unpublished study of breastfeeding associated
DNA methylation. I analyzed DNA methylation data in NTR generated by the Human Genotyping facility
of ErasmusMC, the Netherlands, and Noah Kallsen, Gareth Davies and Erik Ehli at Avera Institute for
Human Genetics. Dorret Boomsma, Jenny van Dongen, Fiona Hagenbeek and Meike Bartels supervised
the NTR-ACTION Biobank sample resource and data. I performed analyses in NTR under supervision of
Jenny van Dongen and coordinated with Matthew Suderman and Doretta Caramaschi on replication of
authors, and was responsible for submission and revision.
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Chapter 5
Published as: Odintsova V., Dolan CV, Beijstervaldt T., Ligthart L., Willemsen G., de Geus E.J.C., van
Dongen J., Boomsma DI. Handedness and 23 early life characteristics: a review and a study in 37,495
Dutch twins (submitted).
My contribution to Chapter 5 comprised the elaboration of the study design together with Conor Dolan and
Dorret Boomsma. I made a literature review of the studies on association of handedness and early life
factors, and systemized it. Together with Toos van Beijsterveldt and Lannie Ligthart, I selected the early
life characteristics available in the NTR, and prepared a data request. I performed all analyses consulting
with Conor Dolan on statistical analysis. I wrote the manuscript with active participation of all co-authors
in editing and reviewing the manuscript. I joined the edits, and submitted the manuscript.

Chapter 6
Published as: Odintsova V.*, Suderman M.*, Hagenbeek F., Caramaschi D., Hottenga J.J., Pool R.,
BIOS consortium, Dolan C.V., Ligthart L., van Beijsterveldt C.E.M., Willemsen G., de Geus E.J.C., Beck
J.J., Ehli E.A., Cuellar-Partida G., Evans D.M., Medland S.E., Relton C.L., Boomsma D.I., van Dongen J.
(2022) DNA methylation in peripheral tissues and left-handedness.
2022. 12(1): 5606.
Bristol, ALSPAC). This was the second paper of our collaboration. Together with Jenny van Dongen, Dorret
Boomsma and Caroline Relton, we developed the study design. Matthew Suderman performed analyses
in ALSPAC parents and offspring, and I performed analyses in the NTR adults and children, and did a
meta-analysis. Jenny van Dongen supervised the methodology of the epigenome-wide association study
and polygenic and DNA methylation score prediction. Matthew Suderman supervised the differentially
regions analysis. Gabriel Cuellar-Partida and Sara Medland provided summary statistics from recent
genome-wide association study of handedness. Rene Pool and Jouke-Jan Hottenga calculated polygenic
scores for left-handedness based on this summary statistics. Fiona Hagenbeek, Gonneke Willemsen,
Eco de Geus, Jenny van Dongen, and Dorret Boomsma created NTR-Action and NTR Biobank sample
resources and data. The BIOS consortium and Avera Institute of Human Genetics (Jeffrey Beck and Erik
Ehli) generated DNA methylation data for NTR. Toos van Beijsterveldt and Lannie Ligthart collected,
All co-authors actively participated in editing and reviewing the manuscript, and Jenny van Dongen,
Matthew Suderman and I collaborated on processing all comments and feedback prior to submission.

Chapter 7
Published as: Odintsova V.V.*, Roetman P.J*, Pool R., Ip H. F., Van der Laan C.M., Tona D.K., Vermeiren
R.R.J.M., Boomsma D. I. (2019). Genomics of human aggression: current state of genome-wide studies
and an automated systematic review tool. Psychiatric Genetics. Oct;29(5):170-190.
The study was updated for publication as Odintsova VV, Hagenbeek FA, van der Laan CM, van de Weijer
S., Boomsma DI. Genetics and epigenetics of human aggression. In: Handbook of Clinical Neurology.
Brain and Crime (Eds. Swaab J.T.). Elsevier (2022) (in press).
of literature for a systematic review. In parallel, I performed selection of literature using machine-learningbased algorithms under supervision of developers from Utrecht University (Rens van de Schoot) and
with active participance of Rene Pool. Together with Rene Pool, we compared traditional and automated
approaches to literature selection. Together with Peter Roetman, we wrote a draft of paper. Together with
Ip Hill and Camiel van der Laan, we extracted genetic variants associated with aggression-related traits,
made calculations for each chromosome, and created visualizations. I created the tables, integrative
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responsible for submission and revision.
I updated the study in 2021, and performed selection of literature and review of epigenetic studies,
wrote a section “Epigenome-wide association studies”. Camiel van der Laan updated the genome-wide
association studies review and visualization of number of genetic variants associated with aggressionrelated traits in overviewed GWASs. Fiona Hagenbeek made an addition on other omics domains. Dorret
Boomsma and Steve van de Weijer revised all the text. I made visualizations, processed edits, updates
and an additional section from co-authors, and was responsible for submission.

Chapter 8
Published as: Odintsova, V. V.*, Rebattu, V.*, Hagenbeek, F. A., Pool, R., Beck, J. J., Ehli, E. A., van
Beijsterveldt, C., Ligthart, L., Willemsen, G., de Geus, E., Hottenga, J. J., Boomsma, D. I., & van Dongen,
J. (2021) Predicting Complex Traits and Exposures From Polygenic Scores and Blood and Buccal DNA
Frontiers in Psychiatry, 12:688464.
statistics from discovery studies used for calculation of DNA methylation scores. I calculated blood and
buccal DNA methylation scores for traits and exposures. Rene Pool and Jouke-Jan Hottenga calculated
polygenic scores for these traits and exposures. I performed prediction of traits and exposures based
on DNA methylation scores and polygenic scores under supervision of Jenny van Dongen. I compared
our results with other reports on polygenic and DNA methylation scores in the literature and created
visualizations of results. Toos van Beijsterveldt and Lannie Ligthart collected, cleaned, and preprocessed
phenotype data in the NTR. Fiona Hagenbeek, Gonneke Willemsen, Eco de Geus, Jenny van Dongen,
and Dorret Boomsma created NTR-Action and NTR Biobank sample resources and data. Avera Institute
draft of the manuscript. All co-authors contributed to the editing and reviewing of the manuscript.

Chapter 9
Published as: Odintsova, V. V., Willemsen, G., Dolan, C. V., Hottenga, J. J., Martin, N. G., Slagboom,
P. E., Ordoñana, J. R., & Boomsma, D. I. (2018). Establishing a twin register: an invaluable resource
for (behavior) genetic, epidemiological, biomarker and «omics» studies. Twin Research and Human
Genetics, (3), 1-14.
My contribution to the Chapter 9 comprised conceptualization of an idea that arose of the ISTS conference
in Madrid together with Juan Ordoñana, Gonneke Willemsen and Dorret Boomsma. I integrated the
with Juan Ordoñana. Jouke-Jan Hottenga analyzed data for zygosity determination, the effect of zygosity
Dolan carried out simulation studies of batch effects and family clustering, described in the Appendix. All coauthors actively participated in writing and editing. I was responsible for submission and revision.

Chapter 10
Published as: Willemsen, G., Odintsova, V., de Geus, E. & Boomsma, DI. (2021). Twin-singleton
comparisons across multiple domains of life (chapter 4). In: Twin and Higher-order Pregnancies (eds.
Khalil, A., Lewi, L. & Lopriore, E.) (Springer International Publishing), pp. 51-71.
In Chapter 10, I performed the review of literature on congenital disorders, morbidity and mortality in
participated in editing and reviewing the manuscript.
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Chapter 11
Published as:
Experience - Joleen Loucks Greenwood. Twin Research and Human Genetics, 22(3), 199-199. Odintsova,
V. (2021). Deliberately Divided: Inside the Controversial Study of Twins and Triplets Adopted Apart Nancy Segal. Twin Research and Human Genetics, 1-2.
In Chapter 11, I wrote two reviews on recently published books, that were published in the journal Twin
Twinship Experience” of Joleen Loucks Greenwood is published by Lexington books (154 pages). The
book “Deliberately Divided: Inside the Controversial Study of Twins and Triplets Adopted Apart” is published
Twinning Reaction” and “Three Identical Strangers” and book of Neubauer (1990).
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