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I

STELLINGEN

1.	 The co-occurrence of child psychiatric symptoms can be well explained by an un-
derlying general psychopathology factor derived from multiple informants.

2.	 The general psychopathology factor is genetically heritable and associated with 
variation in common single nucleotide polymorphisms.

3.	 General psychopathology is related to lower global levels of white matter integrity, 
whereas specific externalizing levels are related to higher integrity.

4.	 DNA methylation at birth is associated with the development of ADHD symptoms.
5.	 Ethnicity-related stress cannot be studied with hair cortisol, as concentrations are 

related to hair color and structure.
6.	 Psychiatric epidemiological research data is almost never missing completely at 

random, therefore complete case analysis should be avoided.
7.	 Introspection of our conscious experience is not infallible (Dennett, 1988).
8.	 Psychiatric symptoms may be an adaptation, but this does not make them less 

problematic.
9.	 Failure to replicate is often blamed on study heterogeneity, yet the lack of power in 

the discovery is typically the main culprit.
10.	 Modern psychiatric epidemiology is the study of small effect sizes. 
11.	 Free and open source software promotes collaboration, reproducibility and trans-

parency. It therefore should be chosen over propriety software in science whenev-
er possible.





Chapter II
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INTRODUCTION

Psychiatric research in the last decades greatly illuminated the role of genetics, epi-
genetics, hormones and brain processes in psychiatric disorders. At the same time a 
wealth of research on the phenotypic level has shown that co-occurrence of psychiatric 
symptoms from different domains is pervasive. For example, behavioral and emotional 
problems correlate with a correlation coefficient of around 0.5 and half of patients with 
a psychiatric diagnosis have a second diagnosis.1,2 However, the biology of the co-occur-
rence is less well understood and will be the theme of this thesis.

Perhaps the lack of study of co-occurrence in biological psychiatry is the result of bi-
ases, distorting our understanding of biology and impact the way we conduct research, 
arguably more than that of environmental processes. In the case of genetics Dar-Nim-
rod and Heine3 discussed the following biases (adapted here to a psychiatric perspec-
tive): 1. psychiatric traits are the results of single genes, 2. genes deterministically im-
pact the occurrence of a psychiatric disorder i.e. carriers of risk variants are guaranteed 
to have the disorder, 3. if a disorder is genetic, there are no other causes 4. heritability 
of a psychiatric disorder implies, that those at genetic risk form a homogeneous and 
distinct group. 5. heritability of a trait implies that it is naturally occurring and not an 
artificial construct.

Many of these biases are being addressed successfully in current psychiatric genetic 
research. For example, psychiatric genetics is not dismissing the role of other causes, 
as twin research shows that all psychiatric disorders have some proportion of non-ge-
netic causes, for many disorders constituting the majority of effects.4 Furthermore, the 
increasing use of polygenic scores, that predict levels of psychopathology based on hun-
dreds to millions of SNPs, is reflecting the observation that psychiatric disorders are 
complex genetic disorders, which are influenced by many genetic variants.5 Researchers 
also acknowledge that the environment can reduce the risk of developing a disorder 
either by compensating the genetic risk, or by interacting with risk effects as proposed 
by a diasthesis-stress or differential susceptibility models: the degree to which a genetic 
variant affects a person is dependent on the presence of environmental circumstances.6 

However, psychiatric genetics is still biased towards classification of distinct homo-
geneous groups. Most GWASs follow a case-control design in which the question is: 
does the frequenc of a genetic variant change the odds of having a disorder or not, 
thus implying that a genetic variant would contribute to separation of people into two 
distinct groups, for example, those with and without ADHD7. While oversampling par-
ticipants with diagnoses may make analyses more powerful by increasing contrasts, 
the lack of accounting for degree of symptom number or severity fails to capture the 
nature of psychopathology8 and has undesired statistical consequences9. While there 
is an increase in GWAS studies of dimensional assessments, e.g. also of ADHD10, thus 
acknowledging that genetic risk may gradually increase or decrease the number and in-
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tensity of symptoms, another classification bias is still at play. GWAS of single disorders 
or single domains assume that genetic variants increase the risk of a specific disorder/
domain only. However, the possibility also exists that many genetic variants increase 
the risk of developing any psychiatric symptom, i.e. these variants would increase levels 
of general psychopathology. General psychopathology here, however, does not imply 
that people with the same levels of general psychopathology will necessarily have the 
same set of symptoms. Thus, carriers of genetic risk for general psychopathology may 
not form a homogeneous group with the same symptoms and thus do not follow the im-
plicit expectation of a genetic disorder. In this scenario, research method would require 
adjustment to measure and jointly analyze a broad set of symptoms.

This bias of attempting to find etiological factors which cause distinct diagnoses or 
narrow sets of symptoms instead of general psychopathology is not exclusive to genetic 
studies. Most biological studies focus on the analysis of single disorders or psychopa-
thology domains at a time, whether it be neuroimaging or psychoendocrinological stud-
ies, despite evidence that neural and endocrine features are associated with multiple 
psychopathology domains and psychological variables in general. For instance, global 
white matter integrity is associated with cognitive abilities11, depression12, attention 
and internalizing problems13; cortisol levels were associated with post-traumatic stress 
disorder, schizophrenia, bipolar disorder14,15 and treatment response to depression16. 
Yet, systematic investigations of general psychopathology are lacking in biological psy-
chiatry.

The main question of this dissertation is: which biological factors are associated 
with child psychopathology in general and which biological factors are specific to cer-
tain psychopathology domains? Before discussing how to separate general from specif-
ic effects, it is necessary to first introduce the psychopathology domains will be studied 
in this thesis. The most commonly studied domains in children are the internalizing, ex-
ternalizing and attention disorders. Internalizing disorders include anxiety and depres-
sive symptoms, whereas externalizing disorders consist of aggression and rule-breaking 
behaviors. Attention problems, especially at young age, are sometimes defined as ex-
ternalizing, but there is evidence that they should be regarded as a separate domain in 
later school age.17

General psychopathology can be investigated in several ways. One is the use of 
traditionally defined domain scores, such as internalizing and externalizing scores, fol-
lowed by comparisons whether effects on these psychopathology scores are similar be-
tween the domains. However, if truly general effects are at play, then the associations 
with single domains may be downward biased compared to measures of general psy-
chopathology, as each domain score would be an incomplete measure of general psy-
chopathology. The simplest alternative is the use of a total sum of psychiatric symptoms 
scores. The advantage of this approach is the easy computation and interpretability of 
the score. However, it may not be the best representation of general psychopathology, 
as it assumes that all symptoms are equally affected by general psychopathology and it 
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does not take into account correlation between the symptoms nor between the gener-
al and specific factors.18 A more sophisticated approach has therefore been the use of 
latent variables models to specify both general and specific psychopathology factors si-
multaneously.19–21 In these bifactor models symptoms are hypothesized to be caused by 
a general psychopathology factor, as well as domain specific factors. These models can 
be extended to include multiple informants, reducing the chance that rater bias would 
inflate levels of general psychopathology. Relating the factors derived from a bifactor 
model to predictors or outcomes allows the testing of general and specific effects on/
of psychopathology.

All three approaches will be used in this thesis, with the individuals studies described 
in Chapter III-V. Chapter III attempts to differentiate which (mostly) biological factors 
associate with psychopathology in general and which factors with specific domains. 
Chapter IV focuses on one particular disorder: attention-deficit and hyperactivity disor-
der. Chapter V concludes with investigations into the stress hormone cortisol, which is 
believed to be causally involved in the development of psychiatric symptoms. 

Chapter III consists of five studies investigating various potential predictors, causes 
and outcomes of general and specific psychopathology. The first study “Parental age 
and offspring childhood mental health: a multi-cohort, population-based Investigation” 
focuses on the beginning of life and discusses the age of parents at delivery and the risk 
of the child to develop psychiatric symptoms. It is well established that higher maternal 
age is associated with heightened risk of pregnancy complications and health problems 
in the offspring, with some evidence for also adverse effects of higher paternal age.22–24 
This raises the question, whether the same is true for mental health, and if so, whether 
the effects are stronger for internalizing or externalizing problems, or the same.

As mentioned above, using only scores of individual domains may not be the best 
approach for disentangling general and specific effects. In the second study “The gen-
eral psychopathology factor: An examination of the structure of child psychopathol-
ogy across multiple cohorts” we therefore introduce a bifactor model of general and 
specific psychopathology. In this study we attempt to find a common structure of psy-
chopathology in school-aged children among three different cohorts. Furthermore, we 
compare unifactor and bifactor structures in their ability to predict adult performance 
and mental health outcomes. 

In the next paper “Single nucleotide polymorphism heritability of a general psycho-
pathology factor in children”, we continue using latent factor models to determine the 
single nucleotide polymorphism (SNP) heritability of general psychopathology. SNP her-
itability refers to the variance explained by the additive effects of common genetic vari-
ants across the genome. Knowing the magnitude of the SNP heritability is interesting as 
individual SNPs typically have very small effect sizes. Thus the joint effect of all variants 
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across the genome, typically represented by a half million markers or more, is more 
informative of the overall heritability of a trait than the top associated SNPs. 

While the total SNP heritability gives an important perspective on the overall con-
tributions of SNPs, it is also important to detect the specific genetic loci associated with 
general psychopathology to improve understanding of etiology and for the detection of 
treatment targets. An approach to detect specific loci is to associate each SNP separate-
ly with an outcome in a genome-wide association study (GWAS). As a follow up to the 
SNP heritability study we therefore perform a GWAS of a total psychiatric sum score, as 
proxy for general psychopathology.

The last study in the first chapter revisits the bifactor models introduced in the pre-
vious studies, however, this time the general and specific psychopathology factors are 
related to white matter integrity. White matter is essential for efficient communica-
tion between brain regions and variations in microstructure may be associated with the 
presence and severity of psychiatric symptoms. Specifically, Zald et al.25 hypothesized 
that global white matter microstructure differences across the whole brain are related 
to variability in general psychopathology, whereas variation in specific region causes 
specific symptoms. We test this hypothesis in school-aged children.

Chapter IV presents an epigenetic approach to further our biological psychiatric un-
derstanding. A growing number of research investigates variations in DNA methylation 
in relation to psychopathology. DNA methylation is influenced by genetic and environ-
mental factors and has the potential to impact gene expression. It is therefore an inter-
esting potential mediator of genetic and environmental risks or biomarker for adverse 
exposures. Similar to a GWAS it is possible to associate DNA methylation at hundreds of 
thousands of CpG sites with psychiatric symptoms. The first EWASs of psychiatric symp-
toms are being performed, however, large multi-center consortia efforts are lacking. 
We present a prospective meta-analytic EWAS on ADHD, a common childhood disorder. 
Unlike the genome, the epigenome varies over time and thus assessment time becomes 
important. We therefore associate DNA methylation both at birth and at school-age 
with ADHD symptoms and compare results.

The final chapter revolves around the stress hormone cortisol. Cortisol is a hor-
mone, that is released in reaction to both physical and psychological stress.26–28 Cortisol 
may also be involved in the etiology of psychopathology, as cortisol injections increase 
depressive behavior in animal models29 and alterations in baseline levels are associated 
with some disorders in humans.14,15 However, as cortisol is a highly dynamic hormone, 
not only responding to external stimuli, but also showing a diurnal rhythm30, and an 
excretion as pulse pattern31, finding the optimal cortisol assessment method has been 
challenging in psychiatric research. 

The first study in this chapter investigates the utility of measuring cortisol in hair 
samples. Cortisol accumulates in hair and provides a more long-term profile of cortisol 
exposure. However, some research suggested that cortisol levels are related to hair 
color, though, it is difficult to distinguish to which degree this effect is due to hair col-
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or or ethnicity/race. We attempted to disentangle the association by investigating the 
independent contributions of genetically determined hair color and genetic ancestry.

In the last study, we examine the genetics of acute cortisol levels in blood and saliva. 
Several studies investigated the heritability of cortisol using known family relationships 
to infer genetic effects,32–35 however, molecular studies are lacking. We therefore esti-
mate and compare the SNP heritability of various acute cortisol measures.

RESEARCH SETTING

The primary focus of this dissertation is the identification of determinants and 
consequences of general psychopathology in children. As it would be unethical to ran-
domize potential risk factors of psychopathology, we employ various epidemiological 
methods in large observational studies to study the causes of general and specific psy-
chopathology. General psychopathology as defined here is a dimensional construct and 
the general population therefore displays varying degrees of it with no clear threshold 
for a disordered status. Therefore all the presented studies describe the general popu-
lation and the whole range of general psychopathology. 

The majority of the studies in this dissertation were conducted within consortia of 
many institutions and present the combined results of several cohorts. The study of 
parental age was embedded in the consortium of individual development (https://in-
dividualdevelopment.nl/) and included four Dutch cohorts. The study about the struc-
ture of psychopathology is the first DREAM BIG collaboration (http://dreambigresearch.
com/) and comprises Canadian, British and Dutch cohorts. The GWAS on a total child 
psychiatric problem score is based on the results of 16 cohorts from North America, 
Europe and Australia from the EArly Genetics and Lifecourse Epidemiology (EAGLE) con-
sortium. Finally, the CORNET36 consortium consisting of cohorts from Europe and the 
US contributed substantially to most analyses in the SNP heritability of cortisol paper.  

Except for the latter, all studies involved the Generation R cohort. Generation R is a 
population-based birth cohort based in Rotterdam, the Netherlands.37 Expecting moth-
ers with a delivery date from 2002 to 2006 were invited to participate in this study. The 
parents and later their children’s characteristics and development were assessed from 
birth. At the time of writing, the most recent assessment wave is at the age of 13 years. 
However, this thesis largely focuses on the early school-ages (6 to 10 years). This is an 
interesting period to study general psychopathology. Several disorders do not reach 
substantial incidence levels until puberty, but varying levels of general psychopathology 
may be already present and manifest in various disorders in childhood and later life. The 
study of general psychopathology in childhood is therefore likely of high relevance and 
I hope that the following chapters will contribute to our understanding of the etiology 
and biological correlates of general psychopathology.
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ABSTRACT

To examine the contributions of maternal and paternal age on offspring external-
izing and internalizing problems, this study analyzed problem behaviors at age 10-12 
years from four Dutch population-based cohorts (N = 32,892) by a multiple informant 
design. Bayesian evidence synthesis was used to combine results across cohorts with 
50% of the data analyzed for discovery and 50% for confirmation. There was evidence 
of a robust negative linear relation between parental age and externalizing problems as 
reported by parents. In teacher-reports, this relation was largely explained by paren-
tal socio-economic status. Parental age had limited to no association with internalizing 
problems. Thus, in this large population-based study, either a beneficial or no effect of 
advanced parenthood on child problem behavior was observed.
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Since 1995, the mean maternal age at first birth has increased at a rate of 0.10 years 
per year in OECD countries, and in 2017 exceeded 30 years in the vast majority of these 
countries (Organisation for Economic Co-operation and Development, 2017). Only in 
Mexico was the mean age of women at childbirth lower than 28 years, and only in eight 
countries was it between 28 and 30 years of age. Women’s reproductive years generally 
range from about 15 to 45 years.1 Within this wide age range some periods are generally 
considered more suitable to have children than others, but which parental reproductive 
ages are optimal for offspring physical and mental health has been a matter of debate 
ever since individuals have engaged in active birth control. Whereas having children at 
an advanced age was quite common historically, when families tended to be larger2, the 
current trend to delay childbearing has given rise to public health concerns

. 
Concerns Regarding Delayed Childbearing	

Concerns regarding delayed childbearing are understandable, as a large number of 
research reports highlight that increased maternal age at childbirth is associated with 
several adverse consequences, ranging from physical problems such as increased BMI, 
blood pressure and height3 to psychiatric conditions such as autism4,5, bipolar disor-
der6, symptoms of depression, anxiety and stress7, and poor social functioning8. More 
recently, increased paternal age at birth has also been associated with adverse child 
outcomes, such as stillbirth and cleft palate.9 In over 40 million live births between 2007 
and 2016, having an older father increased the risk of low birthweight, apgar score, and 
premature birth.10 A study of the Danish population, which included 2.8 million persons, 
found that older fathers are at risk of having offspring with intellectual disabilities, au-
tism spectrum disorders and schizophrenia.11,12

Several, not mutually exclusive, mechanisms have been proposed to explain the in-
creased physical and mental health risks in offspring of older parents. First, age-related 
deterioration of the functioning of women’s reproductive organs, such as DNA damage 
in germ cells, and worse quality of oocytes and placenta, can increase the risk of obstet-
ric and perinatal complications.13 Second, male germline cells undergo cell replication 
cycles repeatedly during aging, with de novo point mutations accumulating over time14 
and the number of de novo mutations in the newborn increasing with higher age of 
the father at the time of conception15,16. Although weaker than with paternal age, de 
novo mutations in offspring correlate with maternal age as well.17,18 Third, genomic re-
gions in the male germline may become less methylated with increasing age and alter 
the expression of health-related genes.19 Fourth, age effects can be due to selection, 
with older parents differing from younger ones in characteristics that are relevant for 
developmental outcomes in their offspring, such as poor social skills. The influence of 
selection effects can be exacerbated by assortative mating.20 Fifth, being the child of 
older parents carries the risk of having to cope with parental frailty or losing a parent at 
a relatively young age,21 and the stress evoked by these experiences may trigger health 
problems. Most of these mechanisms involve consequences of biological ageing. Par-
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enthood at an advanced age is disadvantageous from a biological perspective; except 
for very young, physiologically immature mothers, younger parents are in a better phys-
ical condition. 

Possible Benefits of Delayed Childbearing
Whereas the effects of older parental age on children’s physical health and psychi-

atric disorders tend to be predominantly negative, the effects of older parental age on 
mental health problems with a stronger psychosocial component, such as externalizing 
and internalizing problems, tend to be more inconsistent. An indication that the nega-
tive consequences of high parental age may stretch beyond clinical diagnosis is provid-
ed by Tearne and colleagues,7,22 who found that high maternal age predicted symptoms 
of depression, anxiety and stress in daughters, and by Janecka and colleagues23 who re-
ported a negative association between advanced paternal age and social development. 
In contrast, in several population-based studies, offspring of older parents, particularly 
of older mothers, perform better at school and work, score higher on intelligence tests, 
report better health and higher well-being, use fewer drugs, and have fewer behavioral 
and emotional problems than offspring of younger parents.3,11,21,22,24,25

While the biology of ageing seems to put older parents in an unfavorable position 
with regard to their offspring’s physical and mental health, these contradictory effects 
of parental age on offspring mental health outcomes might be explained by a psychoso-
cial perspective. Being a child of older parents can have substantial benefits,26 as older 
parents not only are often in a better socioeconomic position than young parents,27 
thereby providing a more favorable environment for children, they also have greater 
life experience. Furthermore, older parents display more hardiness28 and tend to have 
less substance use and fewer mental health problems,29 hence score higher on par-
enting factors that promote health and development.29,30 In part, positive associations 
of advanced parental age could be related to selection effects. In young people, sub-
stance abuse and related externalizing problems go together with earlier sexual activi-
ty,31 which increases the probability that intergenerational transmission of externalizing 
problems occurs at an early parental age.32 Like age-related parental characteristics 
that may have negative effects on offspring outcomes, the influence of such selection 
effects can be exacerbated by assortative mating.20

In sum, whereas advanced parenthood, particularly advanced paternal age, has pri-
marily been associated with physical health and neurodevelopmental outcomes, such 
as autism and schizophrenia, advanced parenthood, particularly advanced maternal 
age, rather seems to predict mental health problems with a stronger psychosocial com-
ponent, such as externalizing problems. Although it seems plausible that parental age 
interferes with subclinical problems and traits underlying these conditions, comprehen-
sive evidence from population-based cohorts is scarce and inconsistent, and more em-
pirical evidence is desirable. Moreover, prior population-based studies that used con-
tinuous measures of mental health problems usually focused on cognitive or behavioral 



29	 Parental age and child mental health

III

problems3,25 and, with a few exceptions that require replication in other cohorts7,22,23 

rarely included internalizing problems. A final reason to extent the research conducted 
thus far with the present study is the wide variety of populations, designs and outcomes 
used, which makes it hard to distinguish between substantive variation in association 
patterns and sample-specific artefacts. In short, there is a need for studies that investi-
gate both maternal and paternal age effects on continuously assessed core dimensions 
of offspring mental health (including internalizing problems) and use robust analytical 
methods that allow the possibility of increased risk for both young and old parenthood. 

The Present Study
We investigated parental age effects on offspring externalizing and internalizing 

problems around age 10-13 years in four Dutch population-based cohorts: Generation 
R (Gen-R), the Netherlands Twin Register (NTR), the Research on Adolescent Develop-
ment and Relationships-Young cohort (RADAR-Y), and the Tracking Adolescents’ Indi-
vidual Lives Survey (TRAILS) (see Table 1). The Netherlands is characterized by a high 
maternal age at birth, and relatively few teenage pregnancies. In 1950, 1.6% of the chil-
dren were born to mothers younger than 20 years of age, with a comparable percentage 
(1.7%) in 1990. In 2016 this number had decreased to 0.6%. In contrast, the percentages 
of women who gave birth at an age above 40 years were 8.5% in 1950, 1.5% in 1990, 
and 4.3% in 2016.33

As the perception of childhood problems may differ for different informants,34,35  
we aimed to obtain a comprehensive set of outcome measures of internalizing and ex-
ternalizing problems through a multiple informant design. The four cohorts provided 
reports from mothers, fathers, the children themselves, and the children’s teachers. 
The addition of reports from teachers is particularly valuable, because their reports are 
unlikely to be affected by parental age-related report biases. We tested both linear and 
nonlinear effects, to be better able to distinguish effects of older parenthood versus 
younger parenthood. We tested effects with and without adjusting for child gender and 
socio-economic status. Socio-economic status was included as a covariate to get an 
impression of the relative importance of socio-economic factors in explaining parental 
age effects.

 Bayesian evidence synthesis was used to summarize the results over the cohorts. 
The current era is one of increased awareness of the need for replication research be-
fore making scientific claims.36 Therefore, in this study, the datasets of the four cohort 
studies were used to evaluate the same set of hypotheses with respect to the relation 
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between parental age and offspring mental health problems. This approach is called 
Bayesian evidence synthesis.37

METHOD

Participants 
The participants in this study came from the Gen-R, NTR, RADAR-Y, and TRAILS pop-

ulation cohort studies. Table 2 gives the total sample size and information on parental 
age for each cohort. The total number of children in each cohort was 4,769 for Gen-R, 
25,396 for NTR, 497 for RADAR-Y, and 2,230 for TRAILS. 

Gen-R mothers were recruited in the city of Rotterdam during pregnancy. Their 
partners and later their children were also invited to participate. For Gen-R, partici-
pants from the child age-10 study wave (born between 2002 and 2006) were included 
if they had complete information on maternal age and a child behavioral problems sum 
score by at least one informant. When multiple children from one family were present, 
one sibling was randomly removed (N = 397) to create a sample of unrelated individu-
als. Mean child age for mother report: 9.72 (SD = 0.32), father report: 9.77 (SD = 0.32), 
and child self-report: 9.83 (SD = 0.36). 71.2% of the Gen-R sample is Dutch or Europe-
an. Other groups are Suriname (6.4%), Turkish (5.3%), and Moroccan (4.2%). Mother’s 
educational level is low (i.e., no education or primary education) for 9%, intermediate 
(i.e., secondary school, vocational training) for 42%, and high (i.e., bachelor’s degree, 
university) for 49%. Based on CBCL T-scores for mother reports, 93.2% of the children 
had non-clinical scores for internalizing problems, 4.7% scored in the borderline cate-
gory, and 2.1% scored in the clinical category. With respect to externalizing problems, 
97.0% scored in the non-clinical category, 1.9% in the borderline category, and 1.0% in 
the clinical category. 

The NTR study recruits new-born twins from all regions in the Netherlands. Here 
we included the data on 10-year-olds who were born between 1986 and 2007. Children 
were not included if they had a severe handicap which interfered with daily functioning. 
Mean child age for mother report was 9.95 (SD = 0.51), father report 9.94 (SD = 0.50) 
and teacher report 9.80 (SD = 0.58). The children in NTR were mostly born in the Neth-
erlands (99.5%). The remaining 0.5% consisted mainly of other West European nation-
alities (0.4%). Parents in the NTR were mostly born in the Netherlands (95.7% of fathers 
and 96.7% of mothers). 3.1% of mothers had a low skill occupation (primary education), 
11.4% had an occupation that required lower secondary education, 40.3% had an upper 
secondary educational level, 30.6% had a higher vocational occupation level, and 14.6% 
worked at the highest (i.e. scientific) level. According to mother reports for internaliz-
ing problems, 86.1% of children had a non-clinical score, 5.9% had a borderline score, 
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and 8.0% scored in the clinical range. For externalizing problems, 85.7% scored in the 
non-clinical range, 6.5% scored in the borderline range, and 7.8% in the clinical range. 

The RADAR-Y sample was recruited in the provence of Utrecht and four large cities 
in the mid–west of the Netherlands. Because the RADAR-Y study had a focus on de-
linquency development, children with borderline externalizing behavior problems at 
age 12 were oversampled. All participants from the first wave of data collection, born 
between 1990 and 1995, were selected. The mean age of the children at this wave was 
13.03 years (SD = 0.46). The sample consisted mainly of native Dutch (87.9%) children. 
Remaining participants belonged to the following groups: Surinam (2.4%), Indonesian/ 
Moluccan (2.4%), Antillean (1.8%), Turkish (0.4%), and other (4.8%). The majority of chil-
dren came from families with a medium or high socio-economic status (89.2%). Accord-
ing to the children’s reports for externalizing problems, 81.6% of the participants had a 
non-clinical score, 7.2% had a borderline score, and 11.2% scored in the clinical range. 
Using the cutoff scores for the depression scale as described by Reynolds,38 4.0% of the 
children scored in the subclinical or clinical range of depressive symptoms. Using the 
cutoff scores for the anxiety scale of Birmaher et al.,39 5.3% of the children scored in the 
subclinical or clinical range for anxiety symptoms.

The TRAILS sample was recruited in the Northern regions of the Netherlands. All 
participants from the first wave of data collection (born between 1990 and 1991) were 
selected. The mean age of the children at the first wave was 11.09 (SD = 0.56). The 
large majority of participants were Dutch (86.5%), with other participants being Suri-
nam (2.1%), Indonesian (1.7%), Antillean (1.7%), Mo roccan (0.7%), Turkish (0.5%), and 
other (6.9%). Based on mother-reported sum-scores for the internalizing and external-
izing scales, TRAILS participants were categorized in a non-clinical, borderline, or clinical 
category. For internalizing problems, 67.3% of the participants had a non-clinical score, 
13.9% had a borderline score, and 18.8% had a clinical score. For externalizing prob-
lems, 74.5% had a non-clinical score, 10.2% a borderline score, and 15.4% had a score 
in the clinical range. 

To summarize, the cohorts represented the entire Dutch geographic region across 
all strata from society. They had a similar distribution of SES. The percentage of partic-
ipants with parents born in the Netherlands was relatively high in NTR (>95%), around 
87% in Radar-Y and TRAILS and relatively low in Gen-R (<72%). The percentage of 
non-clinical behavioral problems was highest in Gen-R and lowest in TRAILS. 

All studies were approved by central or institutional ethical review boards. The par-
ticipants were treated in compliance with the Declaration of Helsinki, and data collec-
tion was carried out with their adequate understanding and parental consent. All mea-
sures in RADAR-Y were self-reports. In the other cohorts, children were rated by any 
combination of: their parents, themselves, or their teachers. Table 3 shows the total 
number of children in each cohort, and the number of participants with an externalizing 
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Full cohort name Short name Website Birthyears References (DOI)

Generation R Gen-R generationr.nl 2002-2006
10.1007/s10654-016-0224-9

10.1016/j.jaac.2012.08.021

Netherlands Twin 
Register  NTR tweelingenregister.

org 1986-2017
10.1017/thg.2012.118 

10.1016/j.jaac.2012.10.009

Research on Adoles-
cent Development And 
Relationships – Young 
Cohort    

RADAR-Y www.uu.nl/onder-
zoek/radar 1990-1995

10.1111/cdev.12547 

10.17026/dans-zrb-v5wp

TRacking Adolescents’ 
Individual Lives Survey  TRAILS trails.nl 1989-1991 10.1093/ije/dyu225

Table 1: General Cohort Information

Cohort N Maternal age at birth child Paternal age at birth child

Range M (SD) Range M (SD)

Gen-R 4,769 16.56 – 
46.85 31.68 (4.79) 17.61 – 68.67 34.24 (5.58)

NTR 25,396 17.36 – 
47.09 31.35 (3.95) 18.75 – 63.61 33.76 (4.71)

RADAR-Y 497 17.80 – 
48.61 31.38 (4.43) 20.34 – 52.52 33.70 (5.10)

TRAILS 2,23 16.34 – 
44.88 29.32 (4.58) 18.28 – 52.09 31.99 (4.71)

Table 2: Cohort Descriptive Statistics of Total Sample Size and Parental Age in Current Study
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Informant Cohort  Externalizing Internalizing N-Ext/N-Int

Child

Gen-R 1.94 (1.92) 2.15 (2.09) 4,010/4,018

RADAR-Y 10.61 (7.15)  -0.04 (0.86) 491/266

TRAILS 8.68 (6.25)  11.28 (7.41) 2,188/2,171

Mother

Gen-R 3.92 (4.91) 4.86 (5.05) 4,549/4,550

NTR 5.61 (6.12)  4.68 (5.07) 11,086/10,986

TRAILS 8.40 (7.03)  7.85 (6.20) 1,965/1,955

Father

Gen-R 3.99 (4.91) 4.58 (4.72) 3,259/3,259

NTR 4.66 (5.41)  3.56 (4.24) 7,420/7,374

Teacher

NTR 3.28 (5.88)  4.41 (4.96) 6,536/6,446

TRAILS 0.44 (0.77) 0.99 (1.12)    1,925/1,924

Table 4: Mean and SD for Externalizing and Internalizing Problems

For instruments, see Note Table 3.
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and internalizing behavior problem score, as a function of informant (father, mother, 
teacher and self). 

Measures 
Predictors. Maternal and Paternal Age at Birth. The age of the biological parents at 

birth of the child was measured in years up to two decimals for each cohort. 
Outcomes. Externalizing and Internalizing Problems. In most cohorts, internalizing 

and externalizing problems were assessed by the parent-rated Child Behavior Check-
list (CBCL; Achenbach, 1991; Achenbach & Rescorla, 2001),40,41 the Youth Self-Report 
(YSR),40 and the Teacher Report Form (TRF)41. These questionnaires contain a list of 
around 120 behavioral and emotional problems, which can be rated as 0 = not true, 1 = 
somewhat or sometimes true, or 2 = very or often true in the past 6 months. The broad-
band scale Internalizing problems includes the syndromes anxious/depressed behavior, 
withdrawn/depressed behavior, and somatic complaints; the broadband scale External-
izing problems involves aggressive and rule-breaking behavior. In TRAILS, the Teacher 
Checklist of Psychopathology (TCP) was developed to be completed by teachers. The 
TCP contains descriptions of problem behaviors corresponding to the syndromes of the 
TRF. Teachers rated the TCP on a 5-point scale.42 In Gen-R, the YSR was replaced by the 
Brief Problem Monitor (BPM), containing six items for internalizing and seven items for 
externalizing behavior problems from the YSR. All items were scored on a 3-point scale. 
In RADAR-Y, internalizing behavior problems were assessed by a combined score of the 
Reynolds Adolescent Depression Scale-2nd edition (RADS-2)38 and the Screen for Child 
Anxiety Related Emotional Disorders (SCARED)39 questionnaires. The RADS-2 contained 
23 items (the subscale anhedonia was deleted) and the SCARED contained 38 items, 
which were rated on a 4-point scale (1 = almost never, 2 = hardly ever, 3 = sometimes, 
4 = most of the time) and 3-point scale (1 = almost never, 2 = sometimes, 3 = often), 
respectively. 

Table 3 gives an overview of the rating instruments, the informants for each of the 
cohorts and the number of children in each cohort for each informant/instrument com-
bination. A sum score was calculated per informant/instrument for the relevant items 
for externalizing and internalizing problems respectively. Table 4 shows the mean scores 
for externalizing and internalizing problems per cohort. The scores for girls and boys are 
given in Tables S1 and S2 of the supplementary materials, respectively. 

Covariates. Socio-Economic Status (SES) and child gender. In Gen-R, SES was de-
fined as a continuous variable (principal component) based on parental education and 
household income. In NTR, SES was a 5-level ordinal variable based on occupational 
level. In TRAILS, SES was a 3-level ordinal variable based on parental education, pa-
rental occupational status and household income. In RADAR-Y SES was a dichotomous 
variable based on parents’ occupational level. Child gender was coded as male = 0 and 
female = 1. 
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Missing Data and Data Imputation
Missing Data. For externalizing problem behavior, 15.9% of the child self-reports 

were missing for Gen-R, while for RADAR-Y and TRAILS these percentages were 1.2% 
and 1.9%, respectively. For mother reported data, 4.6% were missing for Gen-R, 13.7% 
for NTR and 11.9% for TRAILS. For father reported data, 31.7% were missing for Gen-R 
and 42.1% for NTR. For teacher reported data, 50.5% were missing for NTR and 13.7% 
for TRAILS. For internalizing problem behavior, the percentages were similar, except for 
child-reported data in RADAR-Y, where 46.4% was missing. For the predictor variables, 
age mother and age father, 0.3% and 1.3%, were missing for NTR, 0.0% and 14.4% for 
Gen-R, 0.4% and 9.7% for RADAR-Y, and 5.1% and 25.0% for TRAILS, respectively. For 
SES, the percentage of missing values was always below 3.0%, except for Gen-R where 
22.3% was missing. For child gender, all cohorts had complete information. 

Please note that the higher percentage for missing teacher- and father-reported 
data of NTR is due to the fact that NTR did not collect teacher-reported data at the 
initiation of the study and that NTR had not collected father-reported data in multiple 
birth years due to financial constraints. The higher percentage of missing self-reported 
data of internalizing problem behavior for RADAR-Y is caused by the fact that not all 
subscales on which the internalizing problem behavior score was based were collected 
from all participants.   

Data Imputation. Missing data was handled by means of multiple imputation (Scha-
fer & Graham, 2002; Van Buuren, 2012). When multiple imputation is used, the missing 
values are repeatedly (in this study 100 times) imputed, that is, replaced by values that 
are plausible given the child’s scores that are not missing, resulting in 100, so-called, 
completed data sets. Subsequently, each completed data set is analyzed (for example, 
using a multiple regression) and the 100 analyses are summarized such that the fact that 
“artificial data” are created by imputation is properly accounted for. Multiple imputa-
tion proceeds along three steps:

1.	 Determine which variables are to be used for imputation. The variables used for 
imputation have to be chosen such that conditional on these variables the missing data 
are believed to be missing at random (MAR),43 that is, whether or not a score is missing 
does not depend on the missing value.44 Unless missingness is planned, the variables 
causing the missingness are unknown to the researcher. What is often done in practice 
is that variables are chosen that are expected to be good predictors of the variables 
containing missing values. One can argue with respect to which and how many variables 
to use, but there is no way to test whether MAR is achieved, and MAR is an assumption. 

The imputation model included the outcome variables externalizing and internal-
izing behavioral problems per informant, total behavioral problems, SES, child gender, 
age of the child, age of the father and age of the mother. In some cohorts, other vari-
ables were present that could also contribute to the imputation. Specifically, parent 
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psychopathology (in Gen-R) and total number of siblings (in NTR) contributed to the 
imputation model. Variables functioned only as predictors when a correlation of at least 
.10 with the imputed variable was present. Since the NTR dataset contained twins, the 
imputation process differed from that of the other cohorts. The imputation for NTR was 
done for each family instead of each participant, so that the same value for SES, age 
father and age mother was obtained for both twins. The imputation of missing data was 
done for informants available in each cohort. So, for example, when a cohort had no 
teacher-reported data, teacher data were not imputed. 

2.	 Generate imputed data matrices. The R package MICE (Multiple Imputation by 
Chained Equations)43 was used to create 100 imputed data matrices. MICE uses an iter-
ative procedure in which sequentially each variable is imputed conditional on the real 
and imputed values of the other variables. Continuous variables were imputed by pre-
dictive mean matching. Categorical variables were imputed using logistic regression.45 
Success of the imputation was evaluated by checking the events logged by the software, 
and by checking convergence plots for a lack of trends and proper mixing of the impu-
tation chains. 

3.	 Analyze each imputed data set as desired and pool the results. In the current 
study each of the 100 imputed data sets was analyzed using multiple regression or clus-
ter linear regression. The results, for each regression coefficient, were 100 estimates 
and 100 standard errors of the estimate. As may be clear, each of the standard errors 
was too small because they are partly based on artificial imputed data. This was ac-
counted for by properly pooling the results using Rubin’s rules.43 The variance over the 
100 estimates reflects the uncertainty in the estimate due to missing values (in each of 
the 100 completed data sets different values are imputed). In Rubin’s rules the variance 
of the 100 estimates is used to increase the standard errors such that they properly 
account for the fact that part of the data is imputed. Gen-R, TRAILS and RADAR-Y used 
the ‘pool’ function of MICE in R for summarizing the effects of the 100 separate imputed 
datasets, whereas NTR used the pooling option of Mplus instead of R, to appropriately 
take into account the family clustering of the twins in the same analysis. Both pooling 
methods are based on the principles as explained here. The pooled estimates and stan-
dard errors were the main outcomes of the analyses after imputation. 

Analytical Strategy: Bayesian Evidence Synthesis
The process of Bayesian evidence synthesis consists of four steps: (1) creating ex-

ploratory and confirmatory data sets; (2) generating competing hypotheses using ex-
ploratory analysis; (3) quantifying the support for each of the competing hypotheses 
using Bayesian hypothesis evaluation; and (4) Bayesian evidence synthesis, that is, sum-
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marizing the support resulting from each study into the overall support for the compet-
ing hypotheses in the data from the four cohort studies.

Exploration and Confirmation
As was elaborated in the introduction, diverse results regarding the relation be-

tween parental age and child problem behavior have been found in the literature, with 
increased parental age both positively and negatively related to child problem behavior. 
In the same vein, there may be a quadratic effect and if there is, the change in child 
problem behavior may be accelerating or decelerating across parental age. Since re-
search is indecisive, especially for the non-clinical studies reviewed in this paper, the 
data resulting from each of the cohorts were split randomly into two parts containing 
the same number of children: an exploratory part, which was used to generate a set of 
competing hypotheses; and a confirmatory part, which was used to quantify the sup-
port in the data for each of the hypotheses considered. Since the NTR dataset consisted 
of twins, the cross-validation datasets were split based on family ID for this cohort, to 
ensure independent datasets. Multiple imputation was applied separately to the ex-
ploratory and confirmatory part of the data. Having an exploratory and confirmatory 
dataset avoids the so-called “double dipping”, that is, using the same data to generate 
and evaluate hypotheses. Here a hypothesis survived if it: 1) emerged from the explor-
atory analyses and 2) was supported by the confirmatory analyses. The process of gen-
erating hypotheses is explained below. 

Generating Hypotheses using Exploratory Analyses
The exploratory half of the data resulting from each of the four cohorts was used 

to generate hypotheses with respect to the relation between child problem behavior 
and parental age. First, for each cohort seperately, linear regression analyses were 
conducted to regress internalizing and externalizing problem behavior as evaluated by 
child, mother, father, and teacher (See Table 3 for the informants that were present per 
cohort) on paternal and maternal age and age squared (both with and without child 
gender and social economic status as covariates). Parental age was mean-centered to 
obtain the linear effect at the mean age of the samples and to reduce the correlation 
between the linear and quadratic term. For Gen-R, RADAR-Y and TRAILS, the analyses 
were conducted in R (R Core Team, 2017). For the NTR twin-data, cluster linear regres-
sion analyses were conducted in Mplus version 8.0.46 All analyses were repeated with 
SES and child gender as covariates. This rendered, for each combination (e.g., predicting 
externalizing problems as rated by the mother from mother age and age squared) an 
estimate of both the linear and quadratic effect for each of the cohorts that included 
the informant of interest. These estimates and the corresponding p-values provided 
information with respect to whether the linear and non-linear effects were expected to 
be negative, zero, or positive. To interpret the strength of relations, the variables in the 
exploratory analyses were all standardized. The results of the regression analyses were 
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translated into so-called informative hypotheses,47 that is, hypotheses that represent 
expectations with respect to the state of affairs in the populations from which the data 
of the four cohorts were sampled. One example of such an informative hypothesis is: 
H1: β < 0. That is, the regression coefficient is negative. Informative hypotheses go be-
yond the traditional null hypothesis (here H0: β = 0) by stating explicitly which relations 
between variables are expected. Often the null is added to the set of hypotheses under 
consideration to protect against unjustified claims that the effect specified by an infor-
mative hypothesis exists. Another hypothesis that can be added besides the informative 
hypotheses is the alternative hypothesis Ha: β. That is, there are no restrictions on the 
regression coefficient. The alternative hypothesis is used to protect against choosing 
the best of a set of inadequate informative hypotheses. For example, H0: β = 0, and H1: 
β < 0 constitute the set of hypotheses supported by the exploratory parts of the data, 
but both are inadequate in the confirmatory data. Instead, another unspecified hypoth-
esis (β > 0) describes the confirmatory data best. In this case the Bayesian approach 
(specified below) will prefer the alternative hypothesis, Ha: β, over both informative 
hypotheses. By using informative hypotheses, the exact same hypotheses could be 
evaluated in all cohorts, even when cohorts used different measurement instruments 
for the same concepts. Not requiring the exact same measurement instruments is an 
important benefit of Bayesian evidence synthesis over classical meta-analyses.

Confirmatory Bayesian Hypotheses Evaluation
Once a set of competing informative hypotheses had been formulated (including the 

traditional null and alternative hypotheses), the empirical support for each pair of hy-
potheses was quantified using the Bayes factor (BF).48 The Bayes factor is the ratio of the 
marginal likelihood of two competing hypotheses. Loosely spoken, the marginal likeli-
hood of a hypothesis is the probability of that hypothesis given the data. Consequently, 
a Bayes factor comparing H1 with Ha of, for example, 5 indicates that the support in the 
data for H1 is five times larger than for Ha. The BF as the ratio of two marginal likeli-
hoods implies that the fit (how well does a hypothesis describe the data set at hand) and 
the specificity (how specific is a hypothesis) of the hypotheses involved are accounted 
for.49 To give an example, if β = -2, H1: β < 0, and Ha: β, both have an excellent fit, but 
H1: β < 0 is more specific than Ha: β (anything goes), and as a result, the BF will prefer H1 
over Ha. Note that the size of the Bayes factor is related to sample size. If the precision 
of the evidence in the data for a hypothesis increases as a result of a larger sample, the 
Bayes factor for that hypothesis will increase as well. The Bayes factor implemented 
in the R package Bain49 was used to evaluate informative hypotheses in the context of 
(cluster) multiple linear regression models. 

Assuming that a priori each hypothesis is equally likely to be true, the Bayes factors 
were transformed in so-called posterior model probabilities (PMPs), that is, the support 
in the data for the hypothesis at hand given the set of hypotheses under evaluation. 
PMPs have values between 0 and 1 and sum to 1 for the hypotheses in the set under 
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consideration. For example, if PMP H0 = .05, PMP H1 = .85, and PMP Ha = .10, then it is 
clear that H1 receives the most support from the data, because it has by far the largest 
PMP. Thus, the result of the confirmatory Bayesian hypotheses evaluation were PMPs 
for each hypothesis and for each informant by each of the cohorts that had ratings by 
this informant. The next step was to apply Bayesian evidence synthesis.

Bayesian Evidence Synthesis
Bayesian evidence synthesis was used to summarize the support for the hypotheses 

of interest over the four cohort studies. Bayesian evidence synthesis37 can be illustrated 
using the set of hypotheses: H0: β = 0, H1: β < 0, and Ha: β. In the context of this paper, 
these hypotheses are incompletely specified. The complete specification would be H0: 
β1 = 0 for NTR, H1: β1 < 0 for NTR and Ha: β1 for NTR, and analogously for the other 
three cohort studies. This specification highlights that the support for the hypotheses 
depends on the cohort study at hand. Bayesian evidence synthesis can then be used to 
determine support for a set of hypotheses:

H0: H0 for NTR & H0 for TRAILS & H0 for Gen-R & H0 for Radar-Y
H1: H1 for NTR & H1 for TRAILS & H1 for Gen-R & H1 for Radar-Y
Ha: Ha for NTR & Ha for TRAILS & Ha for Gen-R & Ha for Radar-Y

that is, the regression coefficient is zero in the populations corresponding to each of 
the four cohort studies, the regression coefficient is smaller than zero in the populations 
corresponding to each of the four cohort studies, and there is not prediction with re-
spect to the regression coefficient in the populations corresponding to each of the four 
cohort studies. If for a specific set of hypotheses only two or three cohorts contain the 
necessary variables, the hypotheses can be adjusted accordingly. Like for each individ-
ual study, the support for these composite hypotheses was quantified using posterior 
model probabilities (PMPs). 

If a hypothesis emerges from the exploratory analyses of the data corresponding 
to the cohort studies and is supported by the confirmatory analyses of the data cor-
responding to the cohort studies, then there is evidence that this hypothesis provides 
an adequate description of the relation between child problem behavior and parental 
age, that is, in general, independent of the specific cohort studies used to evaluate this 
hypothesis. With the methodological approach elaborated in this section and applied in 
the remainder of this paper, the increased awareness of the need for replication studies 
before making scientific claims is explicitly addressed. 

RESULTS
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Exploratory Analyses
The results of the exploratory analyses (see Supplementary Materials) generally 

showed a negative relation between mean-centered parental age and externalizing 
problems accompanied by a positive quadratic coefficient, implying that the negative 
relation with age at the mean declined across age (see Table S3 of the Supplemental 
Materials). This model explained about 1.9% of total variance in externalizing problems 
with maternal age and 1.2% with paternal age. For internalizing problems, the relation 
with parental age was less apparent: about 0.5% of the total variance was explained by 
mothers’ age, and about 0.2% was explained by fathers’ age. In analyses including the 
covariates SES and gender, the relation with age diminished, but remained significant 
(Tables S4, and S5, of the supplementary materials). Higher SES was related to few-
er externalizing problems, and boys showed more externalizing problems than girls. 
In general, no relation between parental age and internalizing problems was observed 
(see Tables S6, S7, and S8 of the Supplemental Materials).

Our interpretation of the exploratory results led to the following set of competing 
informative hypotheses with respect to the relation between parental age (mean-cen-
tered), as indicated by a linear (i.e., β1) and quadratic (i.e., β2) coefficient, and child 
problem behavior: 

•	 H1: β1 = 0, β2 = 0. That is, age does not have a linear or quadratic relation. 
•	 H2: β1 < 0, β2 = 0. That is, age has a negative linear relation, there is no quadratic 

relation. 
•	 H3: β1 < 0, β2 > 0. That is, age has a negative linear relation, and a positive qua-

dratic relation.
•	 Ha: β1, β2. That is, none of the above.

Based on the exploratory results, we expected most evidence for H2 or H3 in anal-
yses with parental age predicting externalizing problems, and most evidence for H1 
in analyses with parental age predicting internalizing problems. Since the exploratory 
results did not show a positive linear or a negative quadratic relation between age and 
behavioral problems, the hypotheses do not include these features. However, we re-
mained open to other options by including the alternative hypothesis Ha that imposes 
no constraints on the parameters, and accordingly claims that anything can be true. 
Ha receives the most support if none of the specified informative hypotheses provides 
an adequate description of the confirmatory part of the data from each of the four co-
horts. In this manner, we avoided that the best hypothesis out of the set of H1, H2, and 
H3, is an implausible hypothesis.  

Confirmatory Analyses
Similarly to the exploratory data, the results showed negative relations across co-

horts between parental age and externalizing problems. However, in the confirmatory 
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data, the quadratic coefficients from the cohorts were less often significantly different 
from zero than in the exploratory data. The model with a linear and quadratic coeffi-
cient for parental age explained on average about 1.1% of total variance in externalizing 
problems with maternal age and 0.9% with paternal age as a predictor. With respect 
to internalizing behavior problems, the model with maternal age explained on average 
about 0.4% of the total variance, and paternal age explained on average about 0.3%. 

Parental Age and Externalizing Behavior Problems
The posterior model probabilities (PMPs) concerning the relation between parental 

age and externalizing problems are presented in Tables 5. The table only shows PMP 
scores for those cohorts that included the associated informants (See Table 3 for an 
overview of informants per cohort). As shown by Table 5, for parent-reported exter-
nalizing behavior problems, Gen-R yielded most evidence for H1 (i.e., no relation with 
parental age). NTR supports H3 (i.e., the relation with parental age follows a negative 
linear trend including a positive quadratic factor) for mother-reported externalizing 
behavior problems, while TRAILS provided most support for H2 (i.e., the relation with 
parental age is linear and negative). The combined results for mother-reported exter-
nalizing behavior problems predicted by father age showed substantial support (PMP 
= .53 and .45 respectively) for H2 and H3. For father reported externalizing behavior 

Informant Cohort
Age Father Age Mother

H1 H2 H3 Ha H1 H2 H3 Ha

Child

Gen-R .91 .08 .01 .00 .86 .09 .04 .01

RADAR-Y .84 .09 .05 .03 .81 .16 .02 .01

TRAILS .96 .04 .00 .00 .93 .06 .01 .00
All 1.00 .00 .00 .00 1.00 .00 .00 .00

Mother
Gen-R .58 .25 .14 .04 .35 .25 .33 .08
NTR .69 .26 .04 .01 .26 .72 .01 .01

TRAILS .94 .05 .00 .00 .81 .17 .02 .01
All .99 .01 .00 .00 .71 .29 .00 .00

Father
Gen-R .43 .42 .11 .03 .48 .36 .13 .03
NTR .96 .04 .00 .00 .95 .05 .00 .00
All .96 .04 .00 .00 .97 .03 .00 .00

Teacher
NTR .99 .01 .1 .00 .99 .01 .00 .00

TRAILS .85 .06 .07 .02 .24 .15 .49 .12
All 1.00 .00 .00 .00 .99 .01 .00 .00

Table 7: Posterior Model Probabilities for Parental Age Predicting Internalizing Problems

Numbers in bold font represent the posterior model probability per cohort. Numbers in Italic font represent 
the meta-analytic results.
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Informant Cohort

Age Father Age Mother
H1 H2 H3 Ha H1 H2 H3 Ha

Child

Gen-R .77 .21 .02 .01 .82 .09 .07 .02

RADAR-Y .86 .07 .04 .03 .86 .11 .02 .01

TRAILS .97 .03 .00 .00 .95 .04 .00 .00
All 1.00 .00 .00 .00 1.00 .00 .00 .00

Mother
Gen-R .88 .11 .01 .00 .93 .05 .01 .00
NTR .88 .11 .01 .00 .70 .29 .00 .00

TRAILS .96 .04 .00 .00 .91 .08 .01 .00
All 1.00 .00 .00 .00 1.00 .00 .00 .00

Father
Gen-R .88 .09 .02 .01 .90 .08 .01 .00
NTR .96 .03 .00 .00 .96 .04 .00 .00
All 1.00 .01 .00 .00 1.00 .01 .00 .00

Teacher
NTR .99 .01 .00 .00 .99 .01 .00 .00

TRAILS .94 .04 .02 .01 .83 .06 .08 .03
All 1.00 .00 .00 .00 1.00 .00 .00 .00

Table 8: Posterior Model Probabilities for Parental Age Predicting Internalizing Problems after 
Correction for Impact Covariates

Numbers in bold font represent the posterior model probability per cohort. Numbers in Italic font represent 
the meta-analytic results.

problems predicted by father age and for parent-reported externalizing behavior prob-
lems predicted by mother age, the combined results provided most support for H2: the 
relation with parental age is linear and negative, in other words, higher parental age is 
associated with less externalizing behavioral problems. For teacher-reported external-
izing behavior problems, TRAILS and NTR yielded most evidence for H1 when paternal 
age was used as a predictor in the linear regression model. When maternal age was 
included, most support was yielded for H2: the relation with parental age is linear and 
negative. For child-reported externalizing behavior problems, the results were mixed 
over cohorts (Gen-R prefers H2, RADAR-Y H3, and TRAILS H1). After combining the re-
sults from the three cohorts, however, most support was obtained for H1, that is, no 
relation with parental age. 

Table 6 shows the results after inclusion of the covariates as predictors of exter-
nalizing problems. After adjusting for the effect of SES and gender, all cohorts yielded 
substantial evidence for H1 with respect to child- and teacher-reported externalizing 
problem behavior. This meant a shift especially for the child-reported problem behavior 
by Gen-R, and the teacher-reported problem behaviors by both NTR and TRAILS. For 
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parent reported problem behavior some cohorts provided most support for H1 (Gen-R 
for all parent-reports, and TRAILS for paternal age predicting mother-reported problem 
behavior), others for H2 (TRAILS and NTR), and NTR for H3 in mother-reported problem 
scores related to paternal age. By including covariates in the model Gen-R and TRAILS 
mainly handed in support on H2 while in NTR the support for H2 increased at the ex-
pense of support for H3. When combining evidence for the parent reports most support 
was still found for H2, that is, there is a linearly decreasing relation between age and 
externalizing problem behavior.

Parental Age and Internalizing Behavior Problems
With regard to internalizing problems (the results are presented in Table 7), the co-

horts generally found most evidence for H1 for multiple informants, except for moth-
er-reported internalizing problems reported by mother age in NTR. All combinations of 
studies rendered most support for H1, which means that the hypothesis that there is no 
relation between parental age and internalizing problems is best supported by the data. 

After correction for SES and gender (Table 8), all findings still suggested H1 for the 
impact of parental age on internalizing problem behavior, irrespective of the cohort and 
informant, and, consequently, combining the results from the various cohorts provided 
overwhelming support for H1, that is, no evidence for a relation bteween parental age 
and child internalizing problem behavior.

DISCUSSION

Parental Age and Externalizing Problems
We found evidence for a negative linear relation between parental age and external-

izing problems as reported by parents. That is, across increasing maternal and paternal 
age there was a decrease in offspring externalizing problems. There was also evidence 
for a negative linear relation between maternal age and externalizing problems as re-
ported by teachers. For teachers, this finding was partly explained by socio-economic 
status, but the relation between parental age and parent-reported externalizing prob-
lems persisted after adjusting for SES, so the favorable effect of parental age is not 
solely due to socio-economic status. 

Parental Age and Internalizing Problems
Parental age seemed unrelated to child internalizing problem behavior, especially 

when taking SES into account. Tentatively, older parenthood might be associated with 
both high and low vulnerability to develop internalizing problems. On the one hand, 
older parents may have a lower probability of internalizing problems because they are 
less likely to have a background characterized by deprivation and social instability,50 

known to be related to internalizing problems such as anxiety and depression. On the 
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other hand, internalizing problems can increase the probability of older parenthood, 
by stimulating engagement in and consolidation of romantic relationships.51,52 Possibly, 
both processes play a role, and their joint influence results in a lack of net result. 

Sociodemographic Factors as a Potential Explanation
The relatively consistent beneficial effect of advanced parenthood for childhood 

externalizing problems may seem unexpected, given mixed findings from earlier re-
search on more common mental health problems (De Kluiver, Buizer-Voskamp, Dolan, 
& Boomsma, 2017; McGrath et al., 2014).11,12 The beneficial effect of advanced parental 
age could have more than one explanation. Older and younger parents have different 
parenting styles. For example, there is evidence that older mothers use less frequent 
sanctions towards their children, are more sensitive to the child’s needs and provide 
more structure.53 Older parents may also tend to appraise a specific problem level as 
less disturbing than younger parents, and older parents might be more patient and are 
capable of setting limits, thus feeling more equipped to handle externalizing behaviors. 
The positive impact of higher quality parenting by older parents is expected to be more 
relevant to externalizing problem behavior than to autism and schizophrenia where a 
disadvantageous impact of increased parental age is established. 

Previous studies provided evidence indicating that offspring of older parents are, 
in several respects, more affluent than those with younger parents.3,7,11,21,22,25 The fact 
that the negative relation of parental age and externalizing problems became weaker 
when SES was taken into account, indicates that the relatively high socio-economic sta-
tus of older parents, or SES-related selection effects,50 at least partly explain why their 
children have a decreased probability of externalizing problems. Myrskylä, Barclay and 
Goisis24 argued that there are indeed important socio-demographic pathways associat-
ed with delayed parenthood in more recent birth cohorts. Older mothers tend to have 
better health behaviors during pregnancy, for example with respect to smoking during 
pregnancy, which is an established risk factor for offspring externalizing problems.54 

Furthermore, parents who have externalizing behavior problems themselves may 
be higher in risk taking and may have children at a younger age. Hence, externalizing 
behavior problems may be transmitted especially by younger parents and less by older 
parents. This idea is in line with the unclarity about a relation between ADHD and ad-
vanced paternal age.11,12

From a biological point of view, advanced parenthood seems mostly disadvanta-
geous, but sociodemographic factors might compensate or even more than compen-
sate for the biological disadvantages related to reproductive ageing when it comes to 
mental health problems. Older mothers from more recent birth cohorts are more so-
cioeconomically advantaged, and happier after childbearing. The observation that older 
parents have offspring with fewer externalising problems, tended to disappear when 
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SES was taken into account, shows that demographic factors can indeed compensate 
for the biological disadvantages. 

Earlier Versus Later Birth Cohorts
In the 1950’s and 60’s the number children born to mothers over 40 was larger than 

in 2016. For offspring born during the 1960s, Saha et al.55 found a negative associa-
tion between maternal age and externalizing behavior problems, but in contrast to our 
results, they observed a positive association between maternal age and internalizing 
problems, and a positive association between paternal age and externalizing behavior 
problems. The study differed in several important aspects from the current one. All off-
spring were born during the 1960s, whereas in our study, all offspring were born after 
1980. The age at which fathers and mothers have children has increased in the last 20 
years. In the Saha et al. study average maternal and paternal ages were 24.8 and 28.4, 
respectively, while in our samples average maternal- and paternal ages were around 
31 and 33 years. Older mothers from earlier birth cohorts tended to have low levels 
of education and their offspring had many older siblings.24 In later birth cohorts, older 
mothers have higher education than younger mothers and their offspring have fewer 
older siblings. Thus, the family resources are spread less thinly across siblings than in 
earlier times. This may be the reason that our results differ from some of the findings of 
Saha, Barnett, Buka and McGrath.55 As argued by Myrskylä, Barclay & Goisis,24 as well, 
being a parent during the 1960s differs from being a parent in the 1980s and children 
born during the 1980s and later might benefit from positive changes in the macro-en-
vironment.

Informant Effect
We used a multi-informant design (i.e., mother, father, teacher, child) to investigate 

parental age effects on behavioral problems. Most questionnaires belonged to the 
same system (ASEBA), but they do not necessarily capture the exact same construct, as 
different informants observe the children in different contexts. Consistent with the no-
tion that different informants provide partly non-overlapping information, the results in 
this study depended on the choice of informant, since, as opposed to parent-reported 
problems, child-reported externalizing problems were not predicted by parental age. 
Conceivably, this different outcome for child-reported problems is due to a limited abil-
ity of 10-year-old children to report reliably and validly on their externalizing behaviors. 
It is less likely that the associations with parent-reports are caused by report bias, as 
teacher-reports also provide support for an association with maternal age. Thus, the 
choice of informant is not an arbitrary one, and may influence the associations that are 
found. Obviously, the parent and teacher sample sizes were also substantially larger 
than the sample size for child-reports. Additionally, the largest study with child reports 
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(i.e., TRAILS) used a shortened version of the YSR, which could cause lower reliability 
and validity of child-reports.  

Strengths of the Current Study
 This study adopted an analysis strategy that used the data of multiple cohort stud-

ies to evaluate the same set of hypotheses. First, the data of each cohort study were 
divided into two parts: an exploratory part and a confirmatory part. Second, the explor-
atory part was used to generate a set of competing informative hypotheses. Third, the 
confirmatory part was used to compute the support in each cohort for the hypotheses 
entertained and to combine studies by means of Bayesian updating to compute overall 
results.37 This analysis strategy had a number of advantages. In the exploratory anal-
yses data snooping or even p-hacking is allowed, because this part of the data is only 
used to generate a set of competing informative hypotheses and not to evaluate these 
hypotheses. In contrast, the confirmatory part of each data set is only used to evaluate 
this set of informative hypotheses to the traditional null and alternative hypotheses, 
which should, especially in ages of replication crisis, publication bias and questionable 
research practices, increase the credibility of our results. The interested reader is re-
ferred to the Supplementary Materials where we highlight, why exploratory analyses 
may lead to incorrect interpretations, even with large samples, and that cross-valida-
tion can prevent this from happening. In addition, with traditional null hypothesis sig-
nificance testing, we would not have been able to quantify the support for the null 
hypothesis (p-values cannot be used to “accept” the null-hypothesis), which appeared 
an important hypothesis in our study. Bayes factors and posterior model probabilities 
are not used to reject or not reject the null-hypotheses, they are used to quantify the 
support in each of the cohorts for the hypotheses entertained. Furthermore, combin-
ing studies using Bayesian updating enabled us to quantify the relative evidence with 
respect to multiple hypotheses using the data from multiple cohorts. Again, in ages of 
replication crisis, it is valuable to base conclusions on data from multiple cohorts that 
can all be used to address the same research question. 

Limitations
Although the study has a number of methodological strengths, there are also lim-

itations. First, the study focused on children’s externalizing and internalizing behavior 
problems and did not examine other outcomes that may be positively associated with 
parental age, such as physical health problems and neurodevelopmental conditions. 
Second, children’s behavior problems were only assessed during early adolescence. 
Thus, the study could not investigate the possibility that the direction or magnitude 
of the associations may vary at different points in development. For example, previ-
ous research suggesting a negative association between parental age and individuals’ 
well-being has focused on late adolescents and young adults.7,8 Third, a tiny percentage 
of the parents were under the age of 20 at the time of the child’s birth. Although this 
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reflects societal changes in Netherlands, it would be important to note that some re-
sults may not replicate in other populations that have a higher percentage of teenage 
pregnancies. This may be especially relevant when interpreting the lack of an associa-
tion between parental age and children’s internalizing behavior problems in this study.

Conclusion
The strategy applied to large cohorts showed us a beneficial association between 

advanced parental age and externalizing problem behavior, while for internalizing prob-
lem behavior there is no beneficial association. We found no evidence for a harmful 
effect of advanced parenthood. 
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SUPPLEMENTARY MATERIAL

Rater Cohort  Externalizing Internalizing N-Ext/N-Int

Child

Gen-R 1.77 (1.81) 2.35 (2.15) 2,054/2,058

RADAR-Y 10.19 (6.75)  0.15 (0.93) 213/120

TRAILS 7.55 (5.40)  12.06 (7.51) 1,115/1,106

Mother

Gen-R 3.34 (4.29) 4.90 (4.96) 2,305/2,305

NTR 4.79 (5.33)  4.81 (5.14) 5,626/5,577

TRAILS 7.26 (6.21) 7.89 (6.25)  1,006/1,002

Father
Gen-R 3.38 (4.20) 4.54 (4.67) 1,655/1,656

NTR 4.03 (4.84)  3.62 (4.25) 3,764/3,734

Teacher
NTR 2.12 (4.28)  4.29 (4.85) 3,314/3,268

TRAILS 0.26 (0.59)   0.96 (1.09) 992/993

Table S1: Mean and SD for Externalizing and Internalizing Problems of Girls
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Rater Cohort  Externalizing Internalizing N-Ext/N-Int

Child

Gen-R 2.12 (2.02) 1.95 (2.00) 1,955/1,959

RADAR-Y 10.93 (7.44)  -0.20 (0.77) 278/146

TRAILS 9.85 (6.83)  10.47 (7.23) 1,073/1,065

Mother

Gen-R 4.51 (5.41) 4.81 (5.14) 2,244/2,245

NTR 6.46 (6.73)  4.55 (4.99) 5,460/5,409

TRAILS 9.59 (7.62)  7.80 (6.16) 959/953

Father
Gen-R 4.61 (5.48) 4.63 (4.77) 1,604/1,603

NTR 5.32 (5.87)  3.50 (4.22) 3,656/3,640

Teacher
NTR 4.48 (6.96)  4.52 (5.08) 3,222/3,178

TRAILS 0.63 (0.88)   1.03 (1.14) 933/931

Table S2: Mean and SD for Externalizing and Internalizing Problems of Boys
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Rater Cohort

Age F. Age2 F.
r2

Age M. Age2 M.
r2

β (p-value) β (p-value) β (p-value) β (p-value)

Child

Gen-R t-.06 (<.007) .08 (<.001) .01 -.05 (.02) .05 (.03) .01

RADAR-Y -.05 (.44) .14 (.05) .02 -.08 (.22) .18 (.01) .04

TRAILS -.01 (.83) -.01 (.77) .00 -.03 (.39) -.03 (.36) .00

Mother

Gen-R -.10 (<.001) .09 (<.001) .01 -.10 (<.001) .02 (<.001) .02

NTR -.12 (<.001) .08 (<.001) .01 -.11 (<.001) .06 (<.001) .02

TRAILS  .09 (.02) .08 (.04) .01 -.13 (<.001) .06 (.06) .02

Father
Gen-R -.10 (<.001) .08 (.003) .01 -.08 (.001) .07 (<.001) .01

NTR -.13 (<.001) .07 (<.001) .02 -.12 (<.001) .06 (<.001) .02

Teacher
NTR -.05 (<.001) .03 (.047) .00 -.04 (.001) .04 (.009) .00

TRAILS -.08 (.03) .06 (.11) .01 -.11 (<.001) .04 (.20) .01

Table S3: Parental Age Predicting Externalizing Problems from Exploratory Results

F. = Father.
M. = Mother
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Rater Cohort
Age  Age2 SES Gender Child

r2

β (p-value) β (p-value)  β (p-value) β (p-value)

Child

Gen-R -.05 (.03) .07 (<.001) -.07 (<.001) -.08 (<.001) .02

RADAR-Y -.05 (.50) .13 (.07) -.06 (.39) -.06 (.39) .02

TRAILS -.01 (.88) -.01 (.77) -.01 (.67) -.18 (<.001) .03

Mother

Gen-R -.09 (<.001) .07 (.004) -.08 (<.001) -.15 (<.001) .04

NTR -.10 (<.001) .07 (<.001) -.08 (<.001) -.13 (<.001) .05

TRAILS -.04 (.27) .06 (.10) -.17 (<.001) -.16 (<.001) .06

Father
Gen-R -.10 (<.001) .06 (.01) -.06 (.03) -.15 (<.001) .04

NTR -.11 (<.001) .06 (<.001) -.13 (<.001) -.14 (<.001) .05

Teacher
NTR -.04 (.006) .02 (.125) -.10 (<.001) -.17 (<.001) .04

TRAILS -.05 (.20) .05 (.19) -.13 (<.001) -.25 (<.001) .09

Table S4: Age Father and Covariates Predicting Externalizing Problems from Exploratory Results
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Rater Cohort

Age Age2 SES Gender Child
r2

β (p-value) β (p-value) β (p-value) β (p-value)

Child

Gen-R -.04 (.11) .04 (.12) -.06 (.009) -.08 (<.001) .02

RADAR-Y -.07 (.25) .17 (.01) .-05 (.43) -.05 (.41) .04

TRAILS -.02 (.51) -.02 (.58) -.01 (.79) -.18 (<.001) .03

Mother

Gen-R -.08 (<.001) .06 (.004) -.06 (.006) -.14 (<.001) .04

NTR -.09 (<.001) .06 (<.001) -.12 (<.001) -.14 (<.001) .05

TRAILS -.08 (.02) .06 (.06) -.15 (<.001) -.16 (<.001) .07

Father
Gen-R -.07 (.009) .06 (.02) -.05 (.09) -.15 (<.001) .04

NTR -.10 (<.001) .05 (<.001) -.12 (<.001) -.14 (<.001) .05

Teacher
NTR -.03 (.035) .03 (.019) -.10 (<.001) -.17 (<.001) .04

TRAILS -.07 (.03) .05 (.11) -.12 (<.001) -.25 (<.001) .09

Table S5: Age Mother and Covariates Predicting Externalizing Problems from Exploratory Results
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Rater
Age F. Age2 F. 

r2

Age M. Age2 M.
r2

β (p-value) β (p-value) β (p-value) β (p-value)

Child

Gen-R -.03 (.001) .05 (.020) .00 -.02 (.32) .04 (.07) .00

RADAR-Y -.03 (.69) .03 (.76) .01 -.04 (.64) .06 (.41) .01

TRAILS .00 (.98) -.01 (.78) .00 -.02 (.55) .03 (.40) .00

Mother

Gen-R -.04 (.12) .06 (.02) .00 -.06 (.01) .05 (.05) .01

NTR -.06 (<.001) .05 (<.001) .00 -.06 (<.001) .03 (.022) .00

TRAILS .01 (.81) .05 (.17) .00 -.05 (.12) .04 (.26) .00

Father
Gen-R -.05 (.06) .06 (.02) .00 -.03 (.21) .03 (.28) .00

NTR -.07 (<.001) .04 (.013) .01 -.07 (<.001) .02 (.116) .01

Teacher
NTR -.01 (.538) .02 (.301) .00 -.01 (.719) .01 (.299) .00

TRAILS -.02 (.56) .01 (.89) .00 -.04 (.21) .04 (.20) .00

Table S6: Exploratory Results for Parental Age Predicting Internalizing Problems

F. = Father. 
M. = Mother. 
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Rater Cohort

Age Age2  SES Gender Child
r2

β (p-value)  β (p-value) β (p-value) β (p-value)

Child

Gen-R -.02 (.47) .04 (.08) -.04 (.07) .10 (<.001) .02

RADAR-Y -.03 (.75) .05 (.53) -.05 (.61) .27 (.001) .09

TRAILS .01 (.84) -.01 (.72) -.02 (.53) .11 (<.001) .01

Mother

Gen-R -.02 (<.001) .03 (.20) -.10 (<.001) .00 (.90) .01

NTR -.05 (<.001) .04 (.001) -.06 (<.001) .02 (.081) .01

TRAILS .03 (.48) .04 (.24) -.06 (.06) .04 (.25) .01

Father
Gen-R -.04 (.14) .04 (.09) -.05 (.04) -.02 (.44) .01

NTR -.06 (<.001) .03 (.034) -.07 (<.001) -.01 (.495) .01

Teacher
NTR -.00 (.846) .01 (.386) -.055 (<.001) -.03 (.007) .00

TRAILS .02 (.49) -.02 (.54) -.16 (<.001) -.01 (.78) .03

Table S7: Age Father and Covariates Predicting Internalizing Problems from Exploratory Results
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Rater Cohort
Age Age2 SES Gender Child

r2

β (p-value) β (p-value) β (p-value) β (p-value)

Child

Gen-R -.01 (.64) .04 (.11) -.04 (.09) .11 (<.001) .02

RADAR-Y -.02 (.78) .09 (.23) -.04 (.62) .27 (.001) .09

TRAILS -.02 (.63) -.03 (.27) -.01 (.66) .11 (<.001) .01

Mother

Gen-R -.03 (.18) .03 (.25) -.09 (<.001) .00 (.88) .01

NTR -.04 (<001) .02 (.049) -.06 (<.001) .02 (.085) .01

TRAILS -.04 (.30) .03 (.34) -.04 (.19) .03 (.28) .01

Father
Gen-R -.02 (.56) .02 (.52) -.06 (.03) .02 (.47) .01

NTR -.05 (<.001) .02 (.220) -.07 (<.001) -.01 (.489) .01

Teacher
NTR .00 (.936) .01 (.434) -.05 (<.001) -.03 (.009) .00

TRAILS .01 (.72) .03 (.33) -.15 (<.001) -.01 (.71) .03

Table S8: Age Mother and Covariates Predicting Internalizing Problems from Exploratory Results
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ABSTRACT

Background
Internalising and externalising problems commonly co-occur in childhood. Yet, few 

developmental models of psychopathology appropriately account for this. We develop 
a model of childhood psychopathology that separates the unique and shared contri-
bution of individual psychological symptoms into specific internalising, externalising 
and general psychopathology factors and assess how these general and specific factors 
predict long-term outcomes concerning criminal behaviour, academic achievement and 
affective symptoms. 

Methods
Data were drawn from independent birth cohorts (ALSPAC, N=11,612; Generation 

R, N=7,946; MAVAN, N=408). Child psychopathology was assessed repeatedly using a 
range of diagnostic and questionnaire-based measures, and multiple informants. First, 
structural equation models were used to assess the fit of hypothesised models of shared 
and unique components of psychopathology in all cohorts. Once the model was chosen, 
linear/logistic regressions were used to investigate whether these factors were associ-
ated with important outcomes such as criminal behaviour, academic achievement and 
wellbeing from late adolescence/early adulthood.

 
Results

The model that included specific factors for internalising/externalising and a gen-
eral psychopathology factor capturing variance shared between symptoms regardless 
of their classification fitted well for all of the cohorts. As hypothesised, general psy-
chopathology factor scores were predictive of all outcomes of later functioning, while 
internalising factor scores specifically predicted later internalising outcomes. External-
ising factor scores, capturing variance not shared by any other psychological symptoms, 
were not predictive of later outcomes. 

Conclusions
Early symptoms of psychopathology carry information that is syndrome-specific as 

well as indicative of general vulnerability and the informant reporting on the child. The 
“general psychopathology factor” might be more relevant for long-term outcomes than 
specific symptoms. These findings emphasize the importance of considering the co-oc-
currence of childhood psychological symptoms when considering long-term impact.
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INTRODUCTION

Psychiatric diagnostic nosology reflects efforts to delineate specific criteria for di-
agnosing distinct mental disorders across the lifespan. With each revised edition of the 
diagnostic criteria,1,2 the total number of disorders as well as the number of diagnoses 
received by each individual is rising, both for children and adults.3 Almost half of indi-
viduals who meet diagnostic criteria for one disorder also meet diagnostic criteria for 
another.4 A similar story is seen within self and parent reported questionnaires for emo-
tional and behavioural problems, where scales are strongly correlated. Therefore, it is 
important to understand what this comorbidity and common variance represents and 
its relevance for future important outcomes. Our current research question is whether 
there is a general factor of child psychopathology and does this predict important out-
comes?

While childhood psychopathology is traditionally grouped into internalising and ex-
ternalising disorders there remains considerable comorbidity between these two cat-
egories.5 In addition, the stability of these categories over time is unclear.6–8 It is com-
mon for underlying internalising disorders to manifest as behavioural problems usually 
attributed to externalising disorders and vice versa, for example, a child could exhibit 
features of conduct disorder which result from being anxious. This complexity of the 
relationship between internalising and externalising symptoms can make it difficult to 
categorise childhood psychopathology, determine aetiology, investigate outcomes and 
plan interventions.

 Understanding the overlap between internalising and externalising symptoms as 
well the contribution of multiple informants may improve the characterisation and pre-
dictive models of childhood psychopathology. This objective is important for improv-
ing childhood problems and preventing later adverse outcomes.9 Early identification of 
those at risk is essential for prevention strategies. 

Structural equation models (SEM) enable us to consider both general psychopathol-
ogy and more specific dimensions within the same model.10–13 In this framework, each 
symptom can both contribute variance that is shared with other symptoms and which 
is unique to that symptom. The underlying assumption of bifactor SEM models is that 
the shared variance amongst items represents a common construct (in our case gen-
eral psychopathology) , as well as unique variance to a smaller cluster of items which 
represents more specific constructs (for example externalising and internalising). These 
specific constructs represent the unique variance in these items not accounted for by 
the overall factor. This approach differs from other techniques such as network analysis, 
which conceptualise psychopathology as a group of interlinked symptoms without any 
underlying construct. We test a bifactor model of child psychopathology using data 
from three independent birth cohorts. Having developed the model, we then test the 
association between childhood psychopathology and later behavioural, educational 
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and psychological outcomes in adolescence and early adulthood. Given the comorbidi-
ty between internalising and externalising problems and limited evidence of stability of 
these categories overtime, we hypothesise that the general psychopathology factor will 
be associated with a range of outcomes. However, internalising symptoms will be asso-
ciated only with psychological symptoms and externalising with behavioural outcomes. 

METHODS

Studies and Measures
Data used for these analyses were drawn from the Developmental Research of the 

Environment, Adversity, Mental health, BIological susceptibility and Gender (DREAM 
BIG) consortium formed in 2016 to investigate the association between prenatal adver-
sity and later childhood mental health outcomes. DREAM BIG consists of 4 longitudinal 
population cohorts: the Avon Longitudinal Study of Parents and Children (ALSPAC) ,14,15 
the Generation Rotterdam (Generation R) Study,16,17 the Maternal Adversity, Vulner-
ability and Neurodevelopment (MAVAN) project,18 and the Growing Up in Singapore 
Towards healthy Outcomes (GUSTO) study19. A full description of each cohort can be 
found in the relevant cohort profiles and in the supplementary materials. Given that 
in GUSTO collection of data relevant to the present analysis is still ongoing due to the 
young age of participants, it was not included in the present study.

Each cohort has collected several measures capturing mental health during early 
childhood. In the development of a GPF, we focused on those symptoms that quantify 
common emotional and behavioural problems. Measures included the Development 
and Wellbeing Assessment, Strengths and Difficulties Questionnaire and the Child Be-
haviour Checklist. A complete list of measures and full details of each are provided in 
the supplementary materials. 

To maximise the number of participants included in the models and prevent sam-
pling bias, missing information was imputed for participants with available data on at 
least one psychopathology subscale. Further details on imputation strategies are out-
lined in the supplementary material. Within ALSPAC, sensitivity analyses were also per-
formed on the subset of participants with complete data on all subscales. 

Modelling psychopathology in childhood
Measures relating to psychopathology from 4 to 8 years of age were collated al-

though each subscale was taken from a single time point within each study. These in-
cluded self-, parental-, teacher-, and observer-rated measures (Table S1). 

Confirmatory factor analysis, a subset of SEM, was used to estimate the general 
structure of psychopathology, based on previous studies, including one report also 
based on a subset of data from the Generation R cohort.13,20 We used a stepwise ap-
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proach to construct a model of childhood psychopathology, beginning with a simple 
unifactor model and building up to a more complex bifactor structure (see Tables 1 and 
S5 for a complete overview). Model fit was evaluated in each cohort using several mod-
el fit indices: root mean square error of approximation (RMSEA), comparative fit index 
(CFI) and Tucker-Lewis index (TLI). When investigating model fit, RMSEA values of <0.05 
and CFI/TLI values of >0.9 are generally used to indicate good fit. 

Individual items were first loaded onto a single factor to investigate whether items 
appeared to be measuring a single construct (unifactor structure). Subsequent models 
separated the items into specific internalising/externalising factors, defined a priori, to 
explore whether the items were capturing these two distinct constructs. Most item-
scale allocations were known; the few items that did not have a pre-existing allocation, 
(e.g., the field worker-rated behaviour items in ALSPAC), two researchers independently 
assigned them based on a priori knowledge (to either the internalising or externalising 
factor). Although most items loaded strongly onto the factors to which they were ini-
tially assigned, some items were moved if modification indices from the initial model 
indicated that items would be a better fit on the alternative factor (a list of these modi-
fications can be found in the footnote to Table S2). 

We also investigated whether additionally accounting for variance common to a 
specific informant by adding so-called ‘reporter’ factors (i.e., mother, father, teacher, 
child or field-worker) would further improve model fit (Table 1).

In the final bifactor model, each item loaded onto the GPF, a reporter factor, and 
its corresponding specific factor (i.e., internalising/externalising) with a few exceptions 
(with the exception of the SDQ prosocial score, the Social and Communication Disorders 
Checklist (SCDC), the sleep and ‘other’ sum scores of the Childhood Behaviour Checklist 
(CBCL), the thought and social problems subscales of the Teacher Report Form (TRF) and 
the Social Responsiveness Scale (SRS)). The final model solution is displayed in Tables 
S2-S4. Factors in the final model were defined to be orthogonal. 

Analyses were performed using MPlus v.7 in ALSPAC and the lavaan R package in 
MAVAN and Generation R. Robust maximum likelihood (MLR) estimators were used in 
the MAVAN and Generation R cohorts, while weighted least square means and varianc-
es (WLSMV) were used in ALSPAC. Latent variables were standardized in each of the 
cohorts.

Testing the associations between general and specific factors in the bifactor 
model and long-term outcomes

We tested the bifactor model by examining the associations between the general 
psychopathology, internalising and externalising factors with later outcomes measured 
in ALSPAC in early adulthood. We compared these to associations with internalising and 
externalising symptoms in a model without general psychopathology.

Outcomes included: (i) diagnoses of depression and anxiety at 18 years assessed us-
ing the Revised Clinical Interview Schedule (CIS-R), (ii) psychological wellbeing assessed 
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at age 21 using the Warwick-Edinburgh Mental Wellbeing Scale (WEMWBS), (iii) criminal 
activity (defined as any self-reported involvement with the police) at age 21; (iv) alcohol 
use (defined as any problem drinking) assessed by the Alcohol Use Disorders Identifi-
cation Test (AUDIT) at age 21, (v) and educational attainment as indicated by receiving 
a pass grade (C or above) at English or mathematics at GCSE (public exams taken at age 
16 in the UK). 

Analyses were run using an unadjusted model in addition to a model adjusting for 
child gender, maternal age at delivery, maternal education and income. These were 
chosen a priori as measures of adversity that could act as confounders. These were 
variables that are associated with child emotional/behavioural problems and the later 
outcomes but not part of the causal pathway.

RESULTS 

A full description of each of the cohorts can be found in the cohort profiles.14–16,18,19 
The final sample size for analysis was 408 in MAVAN, 7,946 in Generation R, and 11,612 
in ALSPAC. 

Modelling childhood psychopathology
The unifactor model in each cohort had a poor fit, as did the model with internalis-

ing and externalising factors only. Model fit improved with the addition of rater factors 
and further improved with the inclusion of the GPF. Consistently across all cohorts, the 
best fitting model was a bifactor solution containing a GPF, the specific internalising/
externalising factors, and rater factors. Model fit statistics for all models tested are 
shown in Table 1.

Initially, the correlation between the internalising and externalising factors was 
constrained to zero in all models. As a sensitivity analysis, we allowed these factors 
to correlate. In none of the cohorts, did this substantially improve model fit and the 
correlation between the internalising-externalising factors was small. Consequently, to 
ensure consistent and parsimonious models final bifactor models in all cohorts were 
orthogonal.

The final model structure for ALSPAC, MAVAN and Generation R are displayed in 
Figure 1 and Tables S2-S4.

Sensitivity analysis
1,129 (9.7%) participants in the ALSPAC cohort had complete data on all items in-

cluded in the psychopathology model. Analyses were re-run in ALSPAC restricting to 
this subset of complete cases. A similar pattern was observed, with a bifactor model 



71The general psychopathology factor

III

containing a GPF, specific internalising/externalising factors, and observer factors found 
to be the best solution (Table S6). 

Testing the associations between general and specific factors in the bifactor 
model and long-term outcomes

Results showed that the general psychopathology was associated with a range of 
different outcomes (Table 2). Specifically, there was evidence of an association between 
the GPF and: developing a depressive disorder (β=0.117, p=0.001), experiencing de-
creased psychological wellbeing at age 21 (β=-0.062, p=0.001), failing mathematics (β=-
0.235, p<0.001) or English GCSE at age 16 (β =-0.260, p<0.001). Unexpectedly there was 
an association between GPF and reduced risk of problem drinking (β=-0.102, p<0.001) 
but no evidence of an association with criminal activity and one with anxiety. In the 
same bifactor model the specific internalising factor was associated with increased risk 
for depression (β=0.085, p=0.030) and anxiety (β=0.184, p<0.001), decreased wellbeing 
(β=-0.089, p<0.001), and failure at mathematics GCSE (β=-0.054, p=0.017). There was 
little evidence of an association with later problem drinking, criminal behaviour or En-
glish GCSE results. There was no evidence of an association between the externalising 

ALSPAC Generation R MAVAN

RMSEA
CFI TLI

RMSEA
CFI TLI

RMSEA
CFI TLI

(90% CI) (90% CI) (90% CI)

Unifactor

0.083 

0.297 0.274 

0.103 

0.544 0.509

0.084 

0.460 0.440(0.079, 
0.087) (0.102, 0.104) (0.082, 

0.086)

Internalising
 & 

external-
ising

0.082

0.311 0.289

0.124

0.324 0.287

0.082

0.544 0.526(0.078, 
0.086) (0.123, 0.126) (0.079, 

0.084)

Bifactor 
– int, ext, 

rater & GPF

0.036 

0.876 0.863 

0.048

0.915 0.894

0.055 

0.787 0.763
(0.036, 
0.036) (0.047, 0.049) (0.052, 

0.057)

Table 1: Model fit statistics for final model of childhood psychopathology
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factor scores from the bifactor model and adverse outcomes but some evidence of 
association with a lower risk for later problem drinking (β=-0.080, p=0.010) and bet-
ter performance at both mathematics (β=0.050, p=0.055), and English GCSE (β=0.082, 
p=0.001). 

In contrast when not including the GPF in the model, externalising factor was asso-
ciated with increased criminality, depression, anxiety, failure at both mathematics and 
English GCSE, decreased wellbeing and lower problem drinking (Table 2). The internalis-
ing factor showed similar associations with depression, anxiety, wellbeing and reduced 

INT/EXT model Bifactor model 
(no GPF) (INT, EXT, GPF)

Factor N Estimate P-value Estimate P-value
Depressive disorder INT 4260 0.106 0.013 0.085 0.030

EXT 0.145 <0.001 -0.027 0.497
GPF - - 0.117 0.001

Anxiety INT 4260 0.204 <0.001 0.184 <0.001
EXT 0.085 0.063 -0.064 0.147
GPF - - 0.069 0.080

Wellbeing INT 4205 -0.100 <0.001 -0.089 <0.001
EXT -0.079 <0.001 -0.025 0.267
GPF - - -0.062 0.001

Problem drinking INT 3654 -0.054 0.065 -0.040 0.158
EXT -0.114 <0.001 -0.080 0.010
GPF - - -0.102 <0.001

Crime INT 3684 -0.017 0.641 -0.022 0.529
EXT 0.073 0.035 0.062 0.075
GPF - - 0.050 0.085

Mathematics GCSE – 
pass grade (C or above)

INT 6081 -0.097 <0.001 -0.054 0.017

EXT -0.308 <0.001 0.050 0.055
GPF - - -0.235 <0.001

English GCSE – pass 
grade (C or above)

INT 6201 -0.032 0.294 0.015 0.533

EXT -0.383 <0.001 0.082 0.001
GPF - - -0.260 <0.001

Table 2: Association between childhood psychopathology and later outcomes adjusted for ma-
ternal age at delivery, maternal education, household income and child gender
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attainment in mathematics. These associations were stronger in the absence of a gen-
eral psychopathology factor. 

Full results for the adjusted models are given in Tables 2 and unadjusted models in 
S7.

DISCUSSION

Here we replicated a bifactor model structure of childhood psychopathology in three 
international birth cohorts in the DREAM BIG consortium. In each cohort, this bifactor 
model included a specific internalising and externalising factor, as well as a general psy-
chopathology factor representing variance common to all psychological symptoms. 

Having replicated this bifactor model structure across three cohorts, we were able 
to examine the extent to which this factor was associated with long-term follow up 
data from ALSPAC. As hypothesised the GPF was associated with a range of outcomes. 
However, the specific internalising factor still predicted depression, anxiety and wellbe-
ing when accounting for general psychopathology. In contrast the externalising factor 
which showed some associations in the simpler model was no longer predictive of ad-
verse outcomes once general psychopathology was taken into account. 

This suggests that shared variance between externalising and internalising symp-
toms may be more important for long term outcomes than specific externalising symp-
toms. However, these results should be replicated in independent cohorts. If this find-
ing does hold, this does not imply that externalising symptoms are not associated with 
later functioning, rather, that once the shared variance between externalising and in-
ternalising is taken into account (i.e., in the form of the GPF), the remaining unique 
variance does not relate to the examined outcomes of adolescent/adult functioning. 
This finding is consistent with those of Brikell and colleagues who investigated the as-
sociation between a general psychopathology factor model and genetic risk scores for 
attention-deficit hyperactivity disorder.21 Simply put, the shared variance in the GPF 
represents children having both externalising and internalising symptoms and the spe-
cific factors representing children with ‘pure’ symptoms. Thus, our results suggest that 
those at greater risk of later adverse outcomes such as poor school performance are 
likely to present with both behavioural and emotional symptoms. Identifying these 
children would enrich our understanding of the developmental pathways which could 
inform intervention or prevention strategies, such as the development of a universal 
therapy or repurposing existing therapies in a transdiagnostic approach.22,23

Our results also highlighted the importance of accounting for variation common to 
a specific informant, as this further improved model fit in each cohort. This partially 
reflects the individual differences inherent in how different informants answer specific 
items but it also reflects the fact that raters generally complete entire questionnaires. 
Thus the different rater factors also likely captured questionnaire-specific variance. In 
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sum, the informant does have a unique contribution to the child’s symptom scores, 
which is important to account for in data analysis. We therefore recommend that devel-
opmental researchers collect data from multiple informants, whenever possible. 

There are a number of limitations to our analysis that should be considered. First, 
the measures of psychopathology partially differed across the cohorts and child self-re-
ports were unavailable in ALSPAC for this age group. However, each cohort used a broad 
range of measures to capture childhood psychopathology and a comparable model 
solution was found to be the best across all cohorts. Second, there were missing data in 
each cohort. In order to maximise power and reduce sampling bias we imputed missing 
data for all participants with available observation on at least one psychopathology sub-
scale. Importantly, consistent results emerged in the sensitivity analysis conducted in 
ALSPAC with complete cases only. We did not impute outcomes in ALSPAC so were un-
able to check how outcomes from our prediction models compared with imputed data. 
Third, different statistical programmes and imputation strategies were used across the 
cohorts, however our conclusions about which was the best model were consistent 
despite these differences. Finally, these analyses were based on data from convenient 
time points in all cohorts thus do not inform us regarding the trajectory of symptoms of 
internalising and externalising disorders over time. However, we were able to identify a 
comparable factor structure of early childhood psychopathology across three indepen-
dent cohorts.

CONCLUSION

We suggest that models of childhood psychopathology should account for the 
co-occurrence of emotional and behavioural symptoms, as well as variance specific to 
these symptoms, and the informant reporting on the child. Our findings further indi-
cate that this co-occurrence of externalising and internalising symptoms may be more 
informative for the prevention of long-term adverse outcomes than specific symptoms. 
However, this finding should be replicated in further studies.
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SUPPLEMENTARY MATERIALS AND METHODS

Studies
Avon Longitudinal Study of Parents and Children (ALSPAC)

ALSPAC is a longitudinal pregnancy cohort which aimed to recruit all pregnant wom-
en in the former county of Avon with an expected due date between April 1991 and 
December 1992. Detailed information has continued to be collected on mothers, part-
ners and children in the cohort, this process has been described in detail elsewhere.1,2 
Out of the 14,541 mothers who entered the study, 11,612 children had data available 
on at least one psychopathology subscale at age 7 years. Ethical approval for the study 
was obtained from the ALSPAC Ethics and Law Committee and the Local Research Ethics 
Committees. A fully searchable data dictionary with information on all available mea-
sures is available at http://www.bris.ac.uk/alspac/researchers/data-access/data-dictio-
nary/.

Generation Rotterdam (Generation R)
Generation R is a population-based birth cohort with the aim to identify early en-

vironmental and genetic determinants of development and health.3,4 Mothers living in 
Rotterdam and delivery date between April 2002 and January 2006 were eligible for the 
study. Out of the 9901 children who entered the study, 7946 had information on at least 
one psychopathology subscale available at ages 6-8. All analyses are based on this sam-
ple. Parents gave informed consent for their children’s participation. The Generation R 
Study is conducted in accordance with the World Medical Association Declaration of 
Helsinki and study protocols have been approved by the Medical Ethics Committee of 
the Erasmus Medical Centre, Rotterdam. 

Maternal Adversity, Vulnerability and Neurodevelopment study (MAVAN)
The Maternal Adversity, Vulnerability and Neurodevelopment (MAVAN) study is a 

Canadian community-based birth cohort. Pregnant women were recruited from obstet-
ric clinics in hospitals from Montreal (Quebec) and Hamilton (Ontario) if they were 18 
years of age or older and fluent in either French or English. Greater details about the 
cohort are provided elsewhere.5 The DAWBA was designed for use in samples of 5-16 
year olds. The DAWBA was rated by parents and teachers in the ALSPAC cohort at age 
7 years. 

Social and Communication Disorders Checklist (SCDC). The Social and Communi-
cation Disorders Checklist (SCDC) is a 12-item screening tool for autistic traits/develop-
mental disorders.7 The SCDC is a parent-reported measure ranging from 0 to 24, with 
higher scores indicative of more autistic traits. 9 of the items measure traits relating 
to social interaction and communication skills, with the remaining 3 items measuring 
behavioural problems and functional impairment. Parents are asked to rate each state-
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ment according to behaviour in the previous 6 months as ‘not true’, ‘quite or sometimes 
true’ or ‘very or often true’, with corresponding scores of 0, 1 and 2. The SCDC was rated 
by parents in the ALSPAC cohort when children were aged 7.5 years.

Additional teacher questions. Additional questions were included within the teach-
er rated questionnaires in ALSPAC which assessed the number of troublesome and awk-
ward behaviours, attention and activity, and the burden of these behaviours on the 
child. These were measured when the children were around 7 years of age. 

Field worker rated observations. ALSPAC participants attended a clinic at age 7, at 
which they completed the following 7 sessions: coordination, hearing, allergy, biological 
samples, measurements and body statistics, vision, and word skills. After each of these 
sessions, the field worker was asked to rate the child on each of the following attributes: 
cooperative, shy, fidget, active, attention and responsive/rapport. Each attribute was 
measured on a scale of 1-3, for example 1 = cooperative, 2 = somewhat cooperative, 3 
= uncooperative.

Social Responsiveness Scale (SRS). Autistic-like traits were measured using a val-
idated short-form of the SRS.8 he primary caregiver (91% mothers) rated autistic-like 
traits when children were 6 years (M=6.2, SD=0.5). The subscales Social Cognition, So-
cial Communication, and Autistic Mannerism were calculated.

Teachers Rating Form (TRF). At age 7 years (M=6.7, SD=1.3) teachers assessed child 
psychological problems with the TRF 6-18,9 which includes the subscales: Anxious/ De-
pressed, Withdrawn/Depressed, Somatic Complaints, Social Problems, Thought Prob-
lems, Attention Problems, Rule-Breaking Behaviour, and Aggressive Behaviour.

Berkeley Puppet Interview (BPI). Self-reported behaviour problems were measured 
in Generation R using the BPI, a semi-structured interactive interview10 conducted at 
age 6 years (M=6.2, SD=0.5). During the interview two hand puppets made opposite 
statements and the child had to choose which statement fit them best. Scoring was 
performed with video tapes with high intercoder reliability11as used to obtain stan-
dardized parent reports of common emotional and behavioural problems. For the cur-
rent study, we included the seven empirically derived narrowband syndrome scales of 
the CBCL: Emotionally Reactive, Anxious/Depressed, Somatic Complaints, Withdrawn, 
Sleep Problems, Attention Problems and Aggressive Behaviour. Items were rated on a 
3-point scale (not true, somewhat/sometimes true and very/often true). Within MA-
VAN, the CBCL was completed by the mother at two time points, i.e., at age 4 and 5 
years. In Generation R, questionnaires were completed by the primary caregiver (92% 
mothers) when children were on average 6 years (M=6.1, SD=0.5).

Strengths and Difficulties Questionnaire (SDQ). The SDQ is a reliable and valid brief 
measure of prosocial behaviour and psychopathology in children.6 The SDQ asks about 
25 attributes of the child, both positive and negative. Each item can be marked as ‘not 
true’, ‘somewhat true’ or ‘certainly true’. The measure comprises five subscales, each 
with five items: emotional symptoms, conduct problems, hyperactivity-inattention, 
peer problems and prosocial behaviour. The MAVAN cohort included maternal ratings 
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of the SDQ at ages 5 and 6 years and paternal ratings at 5 years. Within Generation R, 
the same collection of questionnaires that contained the CBCL, were used to assess 
items from the SDQ prosocial behaviour scale. The SDQ was also assessed in ALSPAC, 
with parent and teacher ratings collected at around 7 years of age.

Conners’ Parent Rating Scale–Revised: Short Form (CPRS-R). Within the MAVAN 
study, ratings of children’s externalizing problems were measured using both maternal 
and paternal ratings on the CRPS-R:S13 at two time points: at five and six years of age. In 
Generation R, the CPRS-R was completed by the primary caregiver (90% mothers) when 
children were 8 years (M=8.2, SD=0.2). The CPRS-R is a well-validated questionnaire for 
the assessment of ADHD and ODD. Items were rated on a 4-point scale from 0 (not true 
at all) to 3 (very much true). Three scales of the CPRS-R were used: Inattention/Cogni-
tive Problems, Hyperactivity and Oppositional. 

The Preschool Age Psychiatric Assessment (PAPA). The PAPA is a semi-structured 
researcher-administered diagnostic parent interview, feasible and validated for children 
under age 7.14 Participants reported on the presence or absence (yes/no) of symptoms 
of seven disorders with the help of standardized drawings. The symptom scales include 
Major Depressive Disorder, Generalized Anxiety Disorder, Specific Phobias, Social Pho-
bia, ADHD, ODD, and CD. The present study did not include children’s ratings for the 
ADHD subscale, given its low reliability at this young age according to the manual.16

Imputation strategy
For the ALSPAC cohort, imputation was performed using the ice command imple-

mented in Stata 14. Variables included in the imputation model included each vari-
able in the P-factor, plus all earlier measures of these variables and auxiliary variables 
deemed to be related to missingness. Auxiliary variables included maternal and pater-
nal socioeconomic status and level of education, maternal and paternal alcohol use, 
marital status, perinatal depression, drug use, domestic violence, partner affection and 
aggression, gestational age, maternal age at delivery, ethnicity, gestation at enrolment, 
child temperament. 40 imputed datasets were created, and the parameter estimates 
for each imputation were combined using Rubin’s rules as applied by the ‘imputation’ 
package in Mplus.

In MAVAN and Generation R, missing data points were estimated using the full infor-
mation maximum likelihood (FIML) function specified within lavaan. This function uses 
all available data on the subscales that were included in the model to estimate missing 
values.
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ALSPAC Gen R MAVAN

Rater Measure Subscale Measure Subscale Measure Subscale
(Age) (Age) (Age)

Parent DAWBA Depression CBCL Emotionally 
reactive CBCL Emotionally 

reactive

(7 years) General anxiety (6 years) Anxious/
depressed

(Mother – 4 
and 6 years)

Anxious/
depressed

Separation
 anxiety

Somatic 
complaints

Somatic 
complaints

Social phobia Withdrawn Withdrawn

Specific phobia Sleep problems Sleep
 problems

ADHD Attention 
problems

Attention 
problems

Conduct disorder Aggressive
 behaviour

Aggressive 
behaviour

ODD Sum score of other 
items

SDQ Emotional prob-
lems SDQ Emotional 

problems

(7 years) Peer problems

(Mother – 5 
and 6 years; 
Father – 5 

years)

Peer problems

Conduct problems Conduct 
problems

Hyperactivity Hyperactivity

Prosocial Prosocial

CPRS-R ADHD 
inattentive CPRS-R ADHD

 inattentive

(8 years)
ADHD 

hyperactive 
impulsive

(Mother and 
father – 5 and 

6 years)

ADHD 
hyperactive 
impulsive

ODD ODD

SRS Social cognition PAPA Separation 
anxiety

Table S1: Summary of measures across cohorts
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ALSPAC Gen R MAVAN

Rater Measure Subscale Measure Subscale Measure Subscale
(Age) (Age) (Age)

(6 years) Social 
communication

(Mother – 6 
years) GAD

Autistic 
mannerism Social phobia

SCDC - Overanxious 
disorder

(7.5 years) Panic disorder

Depression & 
dysthymia

ADHD
CD

ODD

Teacher DAWBA ADHD TRF Anxious/
depressed

(7 years) Conduct 
disorder (7 years) Withdrawn/

depressed

ODD Somatic 
complaints

SDQ Emotional 
problems Social problems

(7 years) Peer problems Thought 
problems

Conduct problems Attention 
problems

Hyperactivity Rule-breaking 
behaviour

Prosocial Aggressive
 behaviour

Additional 
questions

Activity 
symptoms score

Table S1: (Continued)
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ALSPAC Gen R MAVAN

Rater Measure Subscale Measure Subscale Measure Subscale
(Age) (Age) (Age)

(7 years) Attention s
ymptoms score

Burden of 
attention/

activity
Awkward 

behaviours 
score

Troublesome be-
haviours

Burden of 
troublesome
 behaviours

Field 
worker

Field worker 
observa-

tions
Cooperative

(7 years) Fidget

Active

Attention

Responsive

Child BPI Depression Dominic Depression

(6 years) Separation 
anxiety (6 years) Separation 

anxiety

Overanxious Overanxious

Oppositional de-
fiant

Oppositional 
defiant

Overt hostility Conduct 
disorder

Conduct 
problems Phobias

DAWBA – Development and Well-Being Assessment; ADHD – Attention deficit hyperactivity disorder; ODD – 
oppositional defiant disorder; 1 CBCL - Child behaviour checklist; SDQ – Strengths and Difficulties Question-
naire; SCDC - Social and Communication Disorders Checklist; CPRS-R - Conners’ parent rating scale – revised: 
short-form; 3 SRS - Social responsiveness scale; TRF – Teachers rating form; PAPA – Preschool Age Psychiatric 
Assessment; BPI – Berkeley puppet interview

Table S1: (Continued)
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 Internalising factor Externalising factor General factor 

(GPF)

Rater Measure Scale Rater Measure Scale

Parent DAWBA Depression Parent DAWBA ADHD All items plus 

General anxiety Conduct dis-
order

SDQ parent 
and

Separation 
anxiety

Oppositional 
defiant disorder teacher rated

Social phobia SDQ Conduct prob-
lems prosocial

SDQ Emotional 
problems Hyperactivity scores, and

Peer problems parent rated

Teacher SDQ Emotional 
problems Teacher DAWBA ADHD SCDC score

Conduct dis-
order

Oppositional 
defiant disorder

SDQ Conduct prob-
lems

Table S2: Structure of the bifactor model constructed for the ALSPAC cohort
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 Internalising factor Externalising factor General factor 
(GPF)

Rater Measure Scale Rater Measure Scale

Hyperactivity

Peer problems

Additional 
questions

Activity symp-
toms score

Attention symp-
toms score

Burden of 
attention/ac-

tivity

Awkward be-
haviours score

Troublesome 
behaviours

 
Burden of 

troublesome 
behaviours

Table S2: (Continued)
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Table S2: (Continued)

In the initial model, items on the SDQ peer problems subscale were split across internalising and externalis-
ing factors, the prosocial subscale was included on the externalising factor. Field worker rated ‘responsive’ 
items were included on the internalising factors and the ‘shyness’ items were included in the model. In the 
final model, peer problems were included as a single subscale on the externalising factor, the prosocial sub-
scales are included on the GPF only and responsiveness has been moved to the externalising factor. Shyness 
items have been removed from the model as these were not found to load strongly on any of the factors.

 Internalising factor Externalising factor General factor 
(GPF)

Rater Measure Scale Rater Measure Scale

Field-worker Cooperative

Fidget
Active

Attention

Responsive
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Internalising factor Externalising factor General factor 
(GPF)

Rater Measure Scale Rater Measure Scale

Parent CBCL Emotionally 
reactive Parent CBCL Attention 

problems

All subscales 
plus CBCL 

sleep prob-
lems, CBCL 

sum score of 
other items, 

TRF social 
problems, TRF 
thought prob-
lems, and SRS 

subscales

Anxious/
depressed

Aggressive 
behaviour

Somatic com-
plaints

Withdrawn

CPRS-R ADHD
 inattentive

ADHD
 hyperactive 

impulsive

ODD

Teacher TRF Anxious/de-
pressed Teacher TRF Attention 

problems

Withdrawn/
depressed

Rule-breaking 
behaviour

Somatic com-
plaints

Aggressive 
behaviour

Table S3: Structure of the bifactor model constructed for the Generation R cohort
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Child Depression Child BPI Oppositional 
defiant

Separation 
anxiety Overt hostility

Conduct 
problems

Table S3: (Continued)
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ALSPAC Generation R MAVAN

RMSEA
CFI TLI

RMSEA
CFI TLI

RMSEA
CFI TLI

(90% CI) (90% CI) (90% CI)

Unifactor
0.083 

0.297 0.274 
0.103 

0.544 0.509
0.084 

0.460 0.440(0.079, 
0.087)

(0.102, 
0.104)

(0.082, 
0.086)

Internalising & 
externalising

0.082
0.311 0.289

0.124
0.324 0.287

0.082
0.544 0.526

(0.078, 
0.086)

(0.123, 
0.126)

(0.079, 
0.084)

Internalising & 
externalising 
(correlated)*

0.086
0.243 0.218

0.105
0.352 0.315

0.081
0.559 0.541

(0.080, 
0.084)

(0.103, 
0.105)

(0.078, 
0.083)

Internalising, 
externalising & 
rater

0.047
0.778 0.763

0.060
0.857 0.836

0.061
0.754 0.733

(0.043, 
0.050)

(0.058, 
0.061)

(0.059, 
0.064)

Internalising, 
externalising & 
rater 
(correlated)**

0.050
0.752 0.735

0.060
0.857 0.836

0.061
0.754 0.733

(0.046, 
0.054)

(0.058, 
0.061)

(0.059, 
0.064)

Bifactor – int, 
ext & GPF

0.060
0.643 0.619

0.090
0.674 0.629

0.072
0.620 0.592(0.056, 

0.064)
(0.089, 
0.091)

(0.069, 
0.074)

Bifactor – int, 
ext, rater & GPF

0.036 
0.876 0.863 

0.048
0.915 0.894

0.055 
0.787 0.763

(0.036, 
0.036)

(0.047, 
0.049)

(0.052, 
0.057)

Correlated 
bifactor – int, 
ext, rater & 
GPF***

0.036
0.872 0.859

0.048
0.915 0.894

0.055 
0.787 0.762

(0.036, 
0.036)

(0.047, 
0.049)

(0.052, 
0.057)

Table S5: Model fit statistics for final model of childhood psychopathology

* Correlation between internalising and externalising factors: ALSPAC=0.286, p<0.001; Generation R=0.664, 
p<0.001; MAVAN=0.572, p<0.001
** Correlation between internalising and externalising factors: ALSPAC=0.284, p<0.001; Generation 
R=0.108, p=0.002; MAVAN=-0.026, p=0.814
*** Correlation between internalising and externalising factors: ALSPAC=-0.102, p<0.001; Generation R=-
0.230, p<0.001; MAVAN=-0.051, p=0.578
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ALSPAC

RMSEA CFI TLI

Unifactor 0.066 (0.064, 0.067) 0.436 0.418

Rater 0.051 (0.049, 0.052) 0.665 0.653

Instrument 0.069 (0.068, 0.070) 0.370 0.349

Internalising & exter-
nalising 0.066 (0.065, 0.067) 0.422 0.404

Internalising, exter-
nalising & rater 0.040 (0.039, 0.041) 0.800 0.787

Table S6: Model fit statistics restricting to complete cases in the ALSPAC cohort
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IIIBifactor – internalis-
ing, externalising & 
P-factor

0.042 (0.041, 0.043) 0.774 0.759

Bifactor – internal-
ising, externalising, 
rater & P-factor

0.026 (0.025, 0.028) 0.915 0.906

Correlated bifactor – 
internalising, external-
ising, rater & P-factor*

0.026 (0.025, 0.028) 0.914 0.905

* Correlation = -0.157, p<0.001

Table S6: (Continued)
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No GPF (unadjusted)
Bifactor model
(unadjusted)

Factor N Estimate P-value Estimate P-value

AUDIT problem 
drinking INT 3654 -0.065 0.029 -0.053 0.067

EXT -0.108 0.0001 -0.068 0.037
GPF - - -0.093 0.001

Crime binary INT 3684 -0.042 0.267 -0.056 0.114
EXT 0.180 <0.001 0.032 0.383
GPF - - 0.143 <0.001

Wellbeing INT 4205 -0.108 <0.001 -0.101 <0.001
EXT -0.041 0.066 -0.047 0.042
GPF - - -0.028 0.145

Depressive disorder INT 4260 0.120 0.004 0.108 0.006
EXT 0.085 0.041 0.007 0.865
GPF - - 0.063 0.076

Anxiety INT 4260 0.214 <0.001 0.200 <0.001
EXT 0.036 0.433 -0.039 0.383
GPF - - 0.022 0.572

Maths GCSE – pass 
grade (C or above)

INT 6081 0.079 0.004 -0.038 0.112
EXT 0.352 <0.001 0.040 0.148
GPF - - -0.269 <0.001

English GCSE – pass 
grade (C or above)

INT 6201 0.004 0.876 0.041 0.095

EXT 0.447 <0.001 0.090 0.001
GPF - - -0.350 <0.001

Table S7: Unadjusted association between childhood psychopathology and later outcomes
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ABSTRACT

Objective: Co-occurrence of mental disorders is commonly observed, but the etiolo-
gy underlying this observation is poorly understood. Studies in adolescents and adults 
have identified a general psychopathology factor associated with a high risk for dif-
ferent psychiatric disorders. We defined a multi-informant general psychopathology 
factor in school-aged children and estimated its SNP heritability. The goal was to test 
the hypothesis that child behavioral and emotional problems are under the influence 
of highly pleiotropic common autosomal genetic variants that non-specifically increase 
the risk for different dimensions of psychopathology.

Method: Children from the Generation R cohort were repeatedly assessed between 
ages 6-8 years. Child behavior problems were reported by parents, teachers and chil-
dren. Confirmatory factor analysis estimated a general psychopathology factor across 
informants using various psychiatric problem scales. Validation of the general psycho-
pathology factor was based on IQ and temperamental measures. Genome-wide Com-
plex Trait Analysis (GCTA) was used to estimate the SNP heritability (n=2,115).

Results: The general psychopathology factor was associated with lower IQ, higher neg-
ative affectivity and lower effortful control, but not with surgency. Importantly, the 
general psychopathology factor showed a significant SNP heritability of 38% (SE=0.16, 
p=0.008). 

Conclusions: Common autosomal SNPs are pleiotropically associated with internalizing, 
externalizing and other child behavior problems, and underlie a general psychopathol-
ogy factor in childhood.



97SNP heritability of general psychopathology

III

INTRODUCTION

Co-occurrence of mental disorders is commonly observed in clinical and epidemio-
logical studies.1,2 Family studies have shown familial co-aggregation for many common 
disorders such as depressive and anxiety disorders, but also ADHD, conduct problems, 
and psychosis.3,4 This coincides with the observation that many risk factors for psycho-
pathology, like stressful life events,5 are not disorder specific. Research suggests the 
existence of a general psychopathology factor, which is associated with high risk of de-
veloping a broad range of both internalizing and externalizing mental disorders and 
problems6,7 in preschool children,8 school-aged children,9 adolescents,10–12 and adults.6 
In one study a latent general factor based on repeated assessments of psychiatric symp-
toms over a 20 year period explained on average 42% of the disorder variance.13 In 
another large multi-ethnic adult sample, a general factor was estimated to explain be-
tween 29% to 67%, depending on the diagnosis.14 The general psychopathology factor 
might be especially prominent in children, since it has been argued that psychiatric dis-
orders are not as differentiated in young age, although the notion has been recently 
challenged.15 Most of the aforementioned studies used DSM oriented scales, however, 
the general psychopathology factor was also replicated in studies using problem scales/
items in general population samples.12,15 Both assessment approaches show concurrent 
validity with DSM diagnoses (see e.g. Ebesutani et al.16), therefore a general psychopa-
thology factor can be estimated with a variety of instruments.  

Given the consistent statistical evidence for common etiological pathways between 
psychopathology domains, the question arises to what extent these pathways are ge-
netic. Twin studies have indicated that a common genetic factor influences a broad 
range of behavioral and emotional problems in child and adolescent participants,7,17–19 
which can explain the observed co-occurrence to a large degree. However, since twin 
studies use familial information, it is unclear which specific genetic mechanisms are at 
play. It is unclear to which extent this heritability can be explained by common or rare 
variants, single nucleotide polymorphisms (SNP) or structural variants, additive effects 
or non-additive effects like epistasis. Thus our goal was to test the hypothesis that the 
general psychopathology factor represents the additive effects of common SNPs and 
to estimate the variance explained by these (SNP heritability). Various adult psychiatric 
diagnoses show substantial genetic correlations (up to 0.68) based on common auto-
somal variants,20 however, the SNP heritability of a general psychopathology factor is 
unknown. To estimate the SNP heritability, we used genomic restricted maximum like-
lihood estimation (GREML), which estimates heritability by quantifying the extent to 
which individuals who share more SNP alleles also are more similar phenotypically.21

To test the hypothesis we first defined a general psychopathology factors using 
multi-informant data, i.e. parent, teacher and child self-report measures, in a large 
population-based cohort: the Generation R study. Psychiatric research in young chil-
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dren that relies on a single informant, most often a parent, may bias results and in-
flate correlations between behavior subscales due to common method variance.22 For 
the calculation of the general psychopathology factor score, we extended a validated 
model,13 which has been replicated in adolescents,12 by including autistic-like behav-
iors and accounting for the multiple informant context. To test validity of our general 
factor we examined its association with intelligence and temperament. Intelligence is 
an important criterion variable due to several reasons: it is measured independent of 
psychopathology and is an indicator of neurodevelopment. Furthermore, low IQ has 
previously been associated with general factors of psychopathology.9,13 Higher levels 
of neuroticism have also been observed with a general risk for psychopathology.8,13,19

METHOD

Participants
This study features participants from a population-based birth cohort, the Genera-

tion R Study,23 designed to identify early environmental and genetic predictors of devel-
opment and health from fetal life onwards. All participating children were born between 
April 2002 and January 2006. 6,624 children were all repeatedly assessed during the 
ages 6-8 of which 1,954 had complete data on all problem subscales of all instruments 
and were used in a confirmatory factor analysis (CFA) of the general psychopathology 
model. We established the associations between the subscales and the factor in the 
set with complete data and then applied this information to estimate factor scores in 
the incomplete dataset using multiple imputation (see supplementary methods 1). IQ 
information was available in 1,826 children with complete problem subscales and tem-
perament information was available in 1,933 children.

The sample used for the non-genetic analyses was multi-ethnic: the majority had a 
Dutch, Surinamese, Turkish or Moroccan ethnic background. However, for GREML anal-
yses only children with genetic data and of European ancestry were eligible (n=2,353). 
238 participants were removed from analysis due to excessive relatedness, resulting 
in a final GREML sample size of 2,115. All parents gave informed consent for their chil-
dren’s participation and teacher report. Study protocols were approved by the local 
ethics committee. 

Instruments
The general psychopathology factor was estimated using parent, teacher and 

self-reported measures, designed to assess common behavioral and emotional prob-
lems in the general population. We took a conservative approach to missing data. All 
children included in any analysis with incomplete data had at least 50% of observations 
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complete and had been assessed with multiple instruments. See Figure S1 for correla-
tions between all subscales.

Child behavior problems assessed by parents
Child Behavior Checklist (CBCL)

The CBCL 1 ½ -5 years was used to assess child behavioral problems in pre-
school-aged children.24 Questionnaires were completed by the primary caregiver (92% 
mothers) when children were on average 6 years (M=6.1, SD=0.5). The CBCL includes 
seven subscales: Emotionally Reactive, Anxious/Depressed, Somatic Complaints, With-
drawn, Sleep Problems, Attention Problems, Aggressive Behavior; and a sumscore of 
other items. 

Social Responsiveness Scale (SRS)
The SRS is a parent-report questionnaire assessing autistic-like traits in children.25 A 

validated short-form was completed by the primary caregiver (91% mothers) when chil-
dren were 6 years (M=6.2, SD=0.5). Three subscales were used: Social Cognition, Social 
Communication, and Autistic Mannerism.

Conners’ Parent Rating Scale-Revised (CPRS-R)
The CPRS-R is a well-validated questionnaire, assessing attention deficit/hyperactiv-

ity disorder (ADHD) and Opposition Defiant Disorder (ODD).26 It was completed by the 
primary caregiver (90% mothers) when children were 8 years (M=8.2, SD=0.2). Three 
scales of the CPRS-R were used: ADHD Inattentive, ADHD Hyperactive-Impulsive, and 
ODD. 

Child behavior problems assessed by teachers
Teacher’s Rating Form (TRF)

Teachers were approached independently of parents at 7 years (M=6.8, SD=1.3), 
and completed the TRF 6-18 years.27 The following subscales were used: Anxious/ De-
pressed, Withdrawn/Depressed, Somatic Complaints, Social Problems, Thought Prob-
lems, Attention Problems, Rule-Breaking Behavior, and Aggressive Behavior. 

Child behavioral problems assessed by Children
Berkeley Puppet Interview (BPI)

The BPI is a semi-structured interactive interview28 conducted in our research center 
with the help of two identical dog hand puppets at 6 years (M=6.2, SD=0.5). The two 
puppets made opposite statements and the child was asked to indicate which state-
ment described him/her best. The interview was videotaped and scored with high in-
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tercoder reliability.29 Six subscales were used: Depression, Separation Anxiety, Overanx-
ious, Oppositional Defiant, Overt Hostility, and Conduct Problems.

Validation Measures
Non-verbal cognitive abilities were assessed with the Snijder-Oomen nonverbal in-

telligence test.30 This is a well-validated test administered at age 6. The mean IQ score 
was 103.9 (SD=14.2).

We assessed temperamental dimensions (negative affectivity, surgency/extraver-
sion, and effortful Control) at age 6 with the Child Behavior Questionnaire (Very-Short-
Form), a parent-rated questionnaire.31

Genotyping and Quality Control
DNA was extracted from whole blood cells from cord blood and genotyped on Illu-

mina 610K/660W platforms. Quality checks for each SNP included sample (≥97.5%) and 
SNP call rates (≥90 %), minor allele frequency ≥1% and deviation from the Hardy-Wein-
berg equilibrium (p<10-7). Samples were checked for excess heterozygosity, gender ac-
curacy, relatedness, and missing data. After quality control 504,617 autosomal SNPs 
remained. Genetic ancestry was investigated using multidimensional scaling. Partici-
pants were classified as non-northwestern European ancestry when they exceeded 4 
SDs difference with the mean European reference level (HapMap CEU) on any of the 
first four principal components. 2830 were classified as European ancestry and 2901 
as non-northwestern European. Principal components of ancestry used as covariates 
in this study were based on the European sample. See Medina-Gomez et al. for further 
details on the genetic data in Generation R.32

Statistical Analyses
We performed the statistical analyses in four steps: 1) The general psychopathology 

factor was estimated with a CFA 2) The general psychopathology factor was associated 
with IQ and temperament to confirm validity 3) Factor scores were extracted and im-
puted 4) The SNP heritability of the general factor score was estimated.

General Psychopathology Factor Model
The continuous subscales of specific child emotional and behavioral problems con-

stituted the manifest (observed) variables. A latent variable loading on all subscales 
from all instruments was specified to represent the general psychopathology factor. 
Two other latent factors loaded on internalizing and externalizing problems. These were 
allowed to correlate, however, the correlations to the general psychopathology factor 
were constrained to 0. This bifactor model is adapted from the best fitting models 
found in previous studies.7,12,13 Consequently, the internalizing and externalizing factors 
represent effects specific to internalizing and externalizing problems, respectively, that 
cannot be explained by a general vulnerability to psychopathology. The general psycho-
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Figure 1: Path diagram of the general psychopathology factor model with standardized loadings. 
Sex and age paths are not displayed
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pathology factor in turn represents a general vulnerability, independent of these more 
specific effects. Sex and age were included as covariates.

To account for within-instrument bias, latent variables specific to the subscales of 
each instrument were introduced (Figure 1) that were not allowed to correlate with 
other latent variables. The assumption is that similarities between subscales measured 
by the same instrument, which are not shared with subscales of other instruments, 
capture bias due to common method variance. It is therefore important, that these in-
strument specific latent variables are not correlated with each other. If they were, they 
would also capture variances, which are shared with other instruments. These cross-in-
strument effects, however, should contribute to the general factor of psychopathology. 

Confirmatory Factor Analysis
The CFA models were fit in a subsample with complete data on all subscales 

(n=1,954) using standardized latent variables. Because of violations of assumption of 
multivariate normality, the maximum likelihood robust estimator was used. The gen-
eral psychopathology model was formally compared to a simpler model without the 
general psychopathology factor, but otherwise identical model. Model fit was judged 
by: comparative fit index (CFI), Tucker-Lewis index (TLI), root-mean-square error of ap-
proximation (RMSEA), standardized root mean square residual (SRMR), and Bayesian 
information criterion (BIC). Lavaan 0.5-20 in R 3.2.3 was used for the CFA.33,34 Factor 
scores were extracted from the CFA model, imputed and used for further analyses (see 
supplementary methods 1).

Validation
To validate the general psychopathology factor, we extended the general psycho-

pathology model to two structural equation models. In one model IQ predicted the 
general and specific internalizing and externalizing factors and in another model the 
temperamental dimensions were the predictors.

SNP Heritability
Next, we estimated the variance explained by additive effects of autosomal SNPs 

using GREML as implemented in GCTA 1.24.7.21,35 A potential source of bias is the ethnic 
admixture in the heterogeneous Generation R sample because participants from differ-
ent ethnicities, and thus distant genetic relatedness, might have concordant or discor-
dant phenotypes due to environmental correlates of ethnicity and not genetic makeup. 
To minimize population stratification, we restricted analyses to children with European 
ancestry (2830 of 5731, of which 2353 had information on the phenotype). Moreover, 
we included four principal components of ancestry, that were estimated within the Eu-
ropean sample,32 as covariates (see supplementary methods 2 for measurement invari-
ance tests between European and non-northwestern European ancestries). To reduce 
confounding due to shared environment, the conventional GRM cutoff 0.025 was used 
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to exclude close relatives (second-degree cousins and closer) within the European sam-
ple (n=238).21 The final GREML sample with complete genetic information consisted of 
2,115 children of European ancestry.

 First a genetic relatedness matrix (GRM) between unrelated participants was cal-
culated based on autosomal SNPs. Second, restricted maximum likelihood was used to 
estimate the phenotype (general psychopathology factor scores) variance explained by 
the random effect of GRM. SNP heritabilities of the specific internalizing and external-
izing factors from the general psychopathology factor model are not presented. Lower 
item count and loadings of these factors make factor score estimation problematic due 
to factor indeterminacy, thus SNP heritabilities of such factor scores could be mislead-
ing. A likelihood ratio test compared whether the inclusion of the GRM significantly 
improved model fit. The factor score was transformed using ln(score-lowest score+1) 
to normalize the total genetic effects and residuals distribution. All GREML results were 
similar for transformed and untransformed factor scores. The total genetic effects were 
similar for observations with and without imputation (see supplementary methods 1). 

RESULTS

General Psychopathology Factor Model
All psychopathology subscales of all instruments/raters loaded significantly on the 

general psychopathology factor independent of the more specific internalizing/ex-
ternalizing factors and the instrument-specific covariances (Table 1). Furthermore, al-
though BIC penalizes models for greater complexity, the BIC was 1,358 points lower for 
the model including the general factor as opposed to the same model with the general 
psychopathology factor omitted, providing strong evidence for a difference in model fit 
(See Table 2).36

The average loading of the individual psychopathology scales on the general factor 
was 0.34. Parent-rated subscales showed the highest average loadings (M=0.48), teach-
er ratings showed moderate average loadings (M=0.26), and child-report subscales 
showed modest, but still significant average loadings (M=0.10). In the hierarchical mod-
el with the general factor, the internalizing and externalizing scales correlated strongly 
and negatively with each other (r=-0.91, SE=0.18, p<0.001). All externalizing subscales 
loaded significantly on the externalizing factor. Similarly, all teacher-reported internal-
izing subscales and the parent-reported “Anxious/Depressed” subscale loaded on the 
internalizing factor. No other internalizing subscale loaded on the internalizing factor in 
the model including the general psychopathology factor. The instrument-specific latent 
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Items General
Loading SE SE

    Parent Report:
Emotional 
Reactivity 

(CBCL)
0.60*** 0.06 -0.01*** 0.03

Anxious 
Depressed 

(CBCL)
0.49*** 0.06  0.14*** 0.03

Somatic 
Complaints 

(CBCL)
0.25*** 0.04  0.05*** 0.03

Withdrawn 
(CBCL) 0.55*** 0.07  0.04*** 0.03

Attention 
Problems 

(CBCL)
0.56*** 0.07 0.36*** 0.07

Aggressive 
Behavior 

(CBCL)
0.61*** 0.09 0.23*** 0.05

Sleep Prob-
lems (CBCL) 0.27*** 0.05

Other (CBCL) 0.61*** 0.05

Social Cogni-
tion (SRS) 0.31*** 0.04

Social Com-
munication 

(SRS)
0.60*** 0.08

Social Autis-
tic Manner-
isms (SRS)

0.55*** 0.08

ODD 
(CPRS-R) 0.44*** 0.07 0.15*** 0.07

Inattentive 
(CPRS-R) 0.40*** 0.04 0.29*** 0.07

Hyperac-
tive-Impul-

sive (CPRS-R)
0.48*** 0.07 0.36*** 0.08

Table 1: Standardized factor loadings of the general psychopathology factor model
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    Teacher Report:
Anxious 

Depressed 
(TRF)

0.30*** 0.06  0.38*** 0.05

Withdrawn 
Depressed 

(TRF)
0.32*** 0.07  0.42*** 0.06

Somatic 
Complaints 

(TRF)
0.16*** 0.05  0.22*** 0.05

Social Prob-
lems (TRF) 0.36*** 0.05

Thought 
Problems 

(TRF)
0.39*** 0.08

Attention 
Problems 

(TRF)
0.27*** 0.05 0.33*** 0.04

Rule-Break-
ing Behavior 

(TRF)
0.13*** 0.04 0.32*** 0.06

Aggressive 
Behavior 

(TRF)
0.16*** 0.05 0.44*** 0.05

   Child Self Report:
Depression 

(BPI) 0.13*** 0.03 -0.04*** 0.05

Seperation 
Anxiety (BPI) 0.08*** 0.03 -0.06*** 0.04

Overanxious-
ness (BPI) 0.12*** 0.03 -0.07*** 0.05

Opposition-
ality and 
Defiance 

(BPI)

0.10*** 0.03 0.11*** 0.04

Hostility (BPI) 0.10*** 0.03 0.19*** 0.04

Table 1: (Continued)
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factors showed moderate loadings ranging from 0.20 to 0.75 (Figure 1), indicating the 
magnitude of covariance unique to the measurement context. 

IQ Associations
The general psychopathology factor was negatively associated with non-verbal IQ, 

the standardized path coefficient being -0.14 (SE=0.04, p=0.001). However, it was not 
statistically significantly associated with the specific internalizing (β=-0.05, SE=0.05, 
p=0.371) and externalizing factors (β=-0.09, SE=0.05, p=0.060).

Temperament Associations
Parent-reported temperamental negative affectivity, was associated with the gen-

eral psychopathology factor (β=0.52, SE=0.07, p<0.001), but not with the specific inter-
nalizing β=(-0.12, SE=0.09, p=0.197) or specific externalizing factors (β=0.05, SE=0.08, 
p=0.537). In contrast, parent-reported surgency showed no association with the gener-
al psychopathology factor (β=-0.09, SE=0.07, p=0.169), but a negative association with 
the specific internalizing (β=-0.29, SE=0.10, p=0.004) and a positive association with the 
specific externalizing factor (β=0.62, SE=0.04, p<0.001). Effortful control was negatively 
associated with the general psychopathology factor (β=-0.20, SE=0.04, p<0.001), pos-

Conduct 
Problems 

(BPI)
0.07*** 0.03 0.12*** 0.04

   Specific Internalizing/Externalizing Correlations:
r SE

Specific Int/
Ext -0.91*** 0.18

* p<0.05, ** p<0.01, *** p<0.001
n=1954

Table 1: (Continued)
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Model CFI TLI RMSEA¹ SRMR BIC

GPF 0.890 0.854
0.048 

0.036 283891
[0.046, 0.050]

No GPF 0.831 0.790
0.057 

0.104 285249
[0.056, 0.059]

¹A 90% confidence interval is given for RMSEA

n=1954

Table 2: Model fit indices of the general psychopathology factor (GPF) and the same model with-
out the general psychopathology factor (No GPF)

itively associated with the specific internalizing (β=0.11, SE=0.04, p=0.017), and nega-
tively associated with the specific externalizing factor (β=-0.19, SE=0.03, p<0.001).

SNP Heritability
We observed significant SNP heritability of the general psychopathology factor (SNP 

h² = 38%, SE=0.16, p=0.008, genetic variance=0.028, residual variance=0.047, pheno-
typic variance=0.076).

DISCUSSION

A general psychopathology factor, underlying several diverse dimensions of exter-
nalizing, internalizing, and autistic-like behaviors, was observed in early school-age 
children. No single psychopathology subscale was disproportionately associated with 
this general factor. Importantly, GREML demonstrated substantial SNP heritability of 
the general psychopathology factor, suggesting that the shared effects responsible for 
co-occurrence are partly due to common SNPs. The three-informant design is an im-
portant strength of the current study, since it allowed an estimation of the general 
psychopathology factor with lower risk of informant and context bias. This is a valuable 
extensions of previous studies, which reported on the effects of the general psycho-
pathology factor for one informant only or separately for parental, teacher or self-re-
port. The multi-informant approach, however, reduces the chance that a general factor 
partly reflects reporting tendencies. Another strength is the simultaneous inclusion of 
autistic-like behavior together with internalizing and externalizing problems. While a 
previous study in children reported that a general factor explained various neurodevel-
opmental symptoms, internalizing behaviors were not included.18 In the present study, 
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not only externalizing, but all internalizing problems and three autism-like behavior sub-
scales loaded on the general psychopathology factor.

All child-rated scales loaded significantly on the general psychopathology factor and 
contributed meaningfully to the multi-informant internalizing and externalizing factors. 
This supports the view that children can report their problems at this young age. The 
lower loadings of the child-rated and teacher-rated scales compared to parent-rated 
scales in the general psychopathology factor model, however, might indicate limitations 
of these informants. Child developmental level, including short attention span, and dif-
ficulties to report on complex constructs, are inherent challenges to obtaining valid 
self-reports at this young age; whereas teachers may know children less well. Alterna-
tively, the lower loadings in the general psychopathology factor model might reflect 
our conservative within-instrument covariance correction: instrument-specific factors 
overcorrect for “true” covariance structures detected using a particular instrument or 
informant only. For example, high teacher-specific loadings may represent the teachers’ 
specific insights from task-oriented settings and their ability to compare with other chil-
dren. Parents have more limited insights in the school setting, but can judge children 
by their behavior outside of school and overall typically spend much more time with 
them than other informants. However, we took a conservative approach and argue that 
the likelihood of a true covariance pattern emerging in only one of many instruments is 
lower than the likelihood of error and thus deliberately introduced the latent factors.

The criterion validity of the general factor was supported by associations with neg-
ative affectivity, effortful control and IQ. The temperamental subscales negative affec-
tivity and effortful control represent the disposition to show distress and the ability to 
self-control. Both traits have been hypothesized to relate to a broad range of disorders, 
perhaps due to eliciting maladaptive responses from family and peers or shared ge-
netic origins,37 and thus a general psychopathology factor was expected to be relat-
ed. Indeed, previous studies also found evidence for robust associations of the general 
psychopathology factor with negative affectivity and poor effortful control/conscien-
tiousness.8,13,19 Temperamental surgency, which describes the tendency to experience 
positive emotions, was not related to the general factor. Particularly strong support for 
the criterion validity of our general factor comes from the correlation with IQ scores. If 
the general psychopathology factor was solely a spurious product of common method 
variance, it would not be correlated with IQ scores obtained in formal testing at our 
research center, independently of any questionnaire on psychopathology.
Perhaps most importantly, we observed that additive effects of common autosomal 
SNP variants underlie the general psychopathology factor. This heritable component 
was found to explain 38% (95% CI [6%-69%]) of the general psychopathology factor vari-
ance in the European ancestry sample. This observed SNP heritability is very unlikely to 
occur under the assumption that the population heritable component is 0, and thus, 
the finding strongly supports the hypothesis that the general factor of psychopathology 
reflects shared genetic influences.6,7 However, the variance explained by common SNPs 
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is hard to quantify exactly due to the wide confidence intervals, when estimating SNP 
heritabilities in samples with a few thousand participants.38 Substantial residual vari-
ance remained, which can reflect environmental effects, non-additive effects, polygenic 
rare variants,12,39 or structural variants, such as copy number variations, but which also 
includes the error term.

We previously reported SNP heritabilities for single parent-rated and teacher-rated 
instruments separately in participants from the Generation R and the Netherlands Twin 
Register cohorts.40 These estimates ranged from 12% (Parent-rated (CBCL) Internalizing 
and Externalizing scale) to 71% (Teacher-rated (TRF) attention problems). The present 
sample would have been underpowered to detect genetic effects, if the SNP heritabil-
ity of the general factor were in the lower range of previous estimates. However, the 
general psychopathology factor is based on the combined analyses of the previously 
reported and additional instruments. The combination of instruments and the expected 
increase in accuracy due to multiple informants formed the background of our hypoth-
esis that the SNP heritability of the general factor would be in the middle or higher 
regions of previous estimates. This hypothesis was confirmed. 

The results of the specific internalizing and externalizing factors in the general psy-
chopathology factor model are intriguing. These factors are not the traditionally ob-
served internalizing and externalizing domain scores as measured by their broadband 
scales. The factors represent specific influences on problematic behavior beyond those 
explained by the general vulnerability. While previous studies found negative correla-
tions between the specific factors of approximately r=-0.47 in adults and r=-0.44 in 
children,12,13 the correlation in the current study was stronger (r=-0.91). This suggests 
the presence of a single internalizing/externalizing dimension in young children, once 
we account for the general psychopathology factor. Fitting a model with such a dimen-
sion is nearly equivalent to the original fit with two highly correlated factors (see Table 
S1 and S2). The model implies that children scoring high on the externalizing end have 
more externalizing problems, less internalizing problems and more surgency (see Table 
S3) compared to children scoring in the center of the dimension (assuming equal scores 
on general psychopathology). The reverse patterns holds for children scoring high on 
the internalizing end; they have more internalizing and less externalizing problems and 
show less surgency. In contrast, this factor is not related to negative affectivity as is the 
general psychopathology factor. Such an alternative model needs further investigation 
and replication.

In conclusion, the results suggest that common autosomal SNPs are pleiotropically 
associated with internalizing, externalizing, autism-like and other problematic behav-
iors in children. This may suggest that a substantial portion of the genetic variants un-
derlying psychopathology could be missed in GWAS focusing on single disorders. Future 
GWAS should therefore incorporate the simultaneous analysis of diverse problems. Ac-
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counting for the interrelated nature of psychiatric disorders may help to unravel part of 
the complex genetic architecture of child psychopathology.
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SUPPLEMENTARY METHODS

Methods 1: Details related to factor score estimation and imputation

Methods 2: Measurement invariance of the internalizing, externalizing and general psy-
chopathology factors across ethnic groups.
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METHODS 1

Factor Score estimation
GCTA 1.24.7 only supports observed variables as phenotype. For this reason we es-

timated the factor scores of the latent factors using the regression method, which were 
then used for further GREML analyses. A limitation of this approach is, that the relation-
ship between the factors scores may differ slightly from the latent factors. The derived 
factor scores were based on a confirmatory factor analysis (CFA) fitted in a sample with 
only complete data (n=1954). We established the relationship between the subscales 
and the general and specific factors and thus were able to predict factor scores us-
ing multiple imputation. To assure a reliable prediction, we restricted the estimation 
of missing factor scores to individuals with up to 50% missing subscales, resulting in 
a sample of 6,624. The median number of missing scales was 29% with information 
from multiple informants being available in almost all cases (97%). We based the factor 
scores on multiply imputed values of the missing subscales. Specifically, we used MICE 
2.25 (Buuren & Groothuis-Oudshoorn, 2011) to impute both missing subscales and fac-
tor scores, using the subscales, as well as sex and age as predictors in the imputation 
model. We performed 100 imputations and obtained factor scores by averaging across 
simulations.

To normalize the distribution of total genetic effects and residuals, as estimated 
by the best linear unbiased prediction, all factor scores were transformed using ln(-
score-lowest score+1). This approach of investigating GREML’s assumptions, and its lim-
itations, was described in Kirkpatrick, McGue, Iacono, Miller, & Basu (2014) 

The total genetic effect for the genetic psychopathology factor was similar between 
imputed and non-imputed factor scores. We did not use genetic information for the 
imputation, therefore, if the imputation was of poor quality, we would expect differ-
ences in the distribution of the total genetic effect between imputed and non-imputed 
distributions. We observe a 0.15SD higher score mean for the total genetic effect and 
slightly narrower standard deviation (0.04SD difference) for children with imputed data 
as opposed to those without. The similarity in total genetic effect distributions supports 
successful imputation of the factor score

METHODS 2

Measurement invariance of the internalizing, externalizing and general psy-
chopathology factors across ethnic groups

The factor scores were derived from a CFA which included children with any an-
cestry, we thus implicitly assumed that children scoring equally on the factors would 
also score equally on the problem subscales regardless whether they have European 
or non-European ancestry (strong invariance). We tested this assumption formally by 



115SNP heritability of general psychopathology

III

sequentially comparing multi-group CFA models with no to strict equality constraints 
between European and non-European ancestries (Beaujean, 2014; Hirschfeld & Von 
Brachel, 2014).

We used a CFI cutoff of <0.01 to decide whether a simpler model with more con-
straints fits equally well as a more complicated model with less constraints. This fit 
measure was chosen because it has both been shown to be adequate for testing mea-
surement invariance and because it can be based on a scaled test-statics when facing 
non-normal data. It should be noted that performance of detecting measurement in-
variance in non-normal data has not be examined to the best of our knowledge (Cheung 
& Rensvold, 2002; Hirschfeld & Von Brachel, 2014). We first present the results for the 
general psychopathology factor model:

All following general psychopathology factor models are based on 888 children with 
European ancestry and 437 children without European ancestry, who had complete 
data on all variables in the general psychopathology factor model as well as genetic 
information on ancestry. The configural model, which applies the same factor struc-
ture to both ancestry groups but no other constraints, had a CFI of 0.890, which is of 
equivalent magnitude to the originally reported model without groups. Constraining 
the loadings to be equal between groups (weak invariance) lead to an improved fit of 
0.896. Additionally constraining the intercepts to be equal (strong invariance) showed 
a non-significant decrease of the fit to 0.895. The strict fit, which imposes additionally 
equal residuals, lead to a significant decrease in fit to 0.882.
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Items General Int/Ext Dimension

Loading SE Loading SE

Emotional Reactivity 
(CBCL) 0.61*** 0.06 -0.01*** 0.03

Anxious Depressed 
(CBCL) 0.49*** 0.05 -0.14*** 0.03

Somatic Complaints 
(CBCL) 0.25*** 0.04 -0.05*** 0.03

Withdrawn (CBCL) 0.54*** 0.07 -0.04*** 0.03

Attention Problems 
(CBCL) 0.57*** 0.06 -0.35*** 0.05

Aggressive Behavior 
(CBCL) 0.62*** 0.08 -0.22*** 0.04

Sleep Problems (CBCL) 0.27*** 0.05

Other (CBCL) 0.61*** 0.05

Social Cognition (SRS) 0.31*** 0.04

Social Communication 
(SRS) 0.59*** 0.07

Social Autistic Man-
nerisms (SRS) 0.54*** 0.07

ODD (CPRS-R) 0.44*** 0.06 -- 0.14** ** 0.05

Inattentive (CPRS-R) 0.41*** 0.04 -0.27*** 0.05

Hyperactive-Impulsive 
(CPRS-R) 0.49*** 0.06 -0.34*** 0.06

Anxious Depressed 
(TRF) 0.30*** 0.06 -0.36*** 0.04

Table S1: Standardized factor loadings of a model with a general psychopathology factor and 
single combined dimensional internalizing/externalizing factor.
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Items General Int/Ext Dimension

Loading SE Loading SE

Withdrawn Depressed 
(TRF) 0.31*** 0.07 -0.40*** 0.04

Somatic Complaints 
(TRF) 0.16*** 0.05 -0.21*** 0.04

Social Problems (TRF) 0.36*** 0.05

Thought Problems 
(TRF) 0.39*** 0.07

Attention Problems 
(TRF) 0.27*** 0.05 -0.33*** 0.04

Rule-Breaking Behav-
ior (TRF) 0.13*** 0.04 -0.32*** 0.06

Aggressive Behavior 
(TRF) 0.17*** 0.04 -0.44*** 0.04

Depression (BPI) 0.13*** 0.03 -0.03*** 0.04

Seperation Anxiety 
(BPI) 0.08*** 0.03 -0.05*** 0.03

Overanxiousness (BPI) 0.12*** 0.03 -0.06*** 0.03

Oppositionality and 
Defiance (BPI) 0.10*** 0.03 -0.11*** 0.03

Hostility (BPI) 0.11*** 0.03 -0.18*** 0.04

Conduct Problems 
(BPI) 0.08*** 0.03 -0.11*** 0.03

* p<0.05, ** p<0.01, *** p<0.001

n=1954

Table S1: (Continued)
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Temperament General Int/Ext Dimension

Coefficient SE Coefficient SE

Negative Affectivity  0.53*** 0.06  0.06** 0.07

Surgency -0.02*** 0.06   0.55*** 0.04

Effortful Control -0.22*** 0.04  -0.16*** 0.03

* p<0.05, ** p<0.01, *** p<0.001

n=1933

Table S3: Standardized path coefficients from temperament to general psychopathology factor 
and a combined dimensional internalizing/externalizing factor in a structural equation model.

Model CFI TLI RMSEA¹ SRMR BIC

Int/Ext 
Dimension 0.891 0.856

0.048 
0.036 283885

[0.046, 0.049]

¹A 90% confidence interval is given for RMSEA

n=1954

Table S2: Model fit indices of a model with a general psychopathology factor and single com-
bined dimensional internalizing/externalizing factor.
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ABSTRACT

Previous research demonstrated substantial genetic correlations among psychiatric 
disorders and identified numerous cross-disorder genetic variants. To identify the genet-
ic variants underlying global childhood psychopathology, we performed a genome-wide 
association study of a total psychiatric problem score. We analyzed 8,804,648 common 
SNPs in 29,446 school-aged children from 16 population-based cohorts participating 
in the EArly Genetics and Lifecourse Epidemiology (EAGLE) consortium. Gene-based 
analyses revealed, that the myotonic dystrophy (DM1) gene cluster, previously implicat-
ed in neurodevelopment, was associated with the total psychiatric problem score. No 
individual SNP reached genome-wide significance. Stronger association with the total 
psychiatric problems score at the gene level, corresponded to higher expression in brain 
tissue, in particular in limbic regions. The genetic effects underlying the total psychiatric 
problem score were shared with known genetic variants for common psychiatric disor-
ders (ADHD, anxiety, depression, insomnia), intelligence, brain structure, educational 
attainment, wellbeing, insomnia, smoking and body fat (rG > 0.23), but not with less 
common disorders (schizophrenia, bipolar disorder, autism, or eating disorders) (rG < 
0.05). In summary, the results suggest that many common genetic variants are non-spe-
cifically associated with various child psychiatric symptoms and related phenotypes, 
with the myotonic dystrophy gene cluster showing the most evidence. Further research 
is needed to establish causality and pleiotropic mechanisms. 
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INTRODUCTION

Psychiatric traits are moderately heritable, on average about 30-50% of the variabil-
ity in symptoms can be explained by genetic differences between individuals.1 Molec-
ular genetic studies have established that to a large degree common genetic variants 
underlie these genetic effects. The joint effect of single nucleotide polymorphisms (SNP 
heritability) explains 5% to 30% of the variance in psychiatric disorders2 and similarly 
of behavioral and emotional symptoms in children, although this varies depending on 
child age and informant.3,4

Recent family and molecular genetic studies have also demonstrated that much of 
the genetic effects underlying psychiatric disorders are not unique to particular diag-
noses, but rather shared among several psychiatric diagnoses and symptoms.2,5–9 This 
phenomenon is known as cross-phenotype association and suggests pleiotropy, i.e. the 
influence of a genetic variant on multiple traits.10 Several lines of evidence provide 
support for this notion, first that the SNP based genetic correlations between disorders 
from different domains, such as major depression, ADHD, bipolar disorder and schizo-
phrenia are moderate to high,2 averaging 0.41. Second, measures of global psychopa-
thology in children showed a common SNP heritability between 16% and 38%.7,11 Third, 
in a GWAS meta-analysis of five disorders, loci were identified with associations across 
these disorders.12

The large extent of cross-phenotype associations presents a challenge in interpret-
ing genome-wide association studies (GWAS), which typically analyze a single disorder 
to identify genetic loci. For instance, recently Brikell et al.13 found that a polygenic score 
derived from a GWAS on ADHD symptoms was more strongly associated with a general 
psychopathology factor, than with specific hyperactivity or attention problems once 
general psychopathology was accounted for. This and the other aforementioned find-
ings illustrate that multi-disorder approaches may benefit genetic studies.

Previous GWAS of child disorder, such as autism spectrum disorders, ADHD, aggres-
sion and internalizing disorders,4,14–16 have been successful in providing insights into the 
genetic architecture of child psychiatric problems and into the genetic correlations be-
tween child psychiatric problems. However, with the notable exception of a very large 
recent ADHD study17 and a GWAS on autism spectrum disorder14, these studies have 
mostly failed to identify individual genome-wide significant loci. Along with increas-
ing the sample size, some researchers propose the inclusion of related phenotypes in 
analyses to increase power.18,19 Genetic loci with pleiotropic effects may be missed in a 
GWAS of single psychiatric disorders. While a variant may modestly increase the risk of 
symptoms from different domains and be detectable in very large studies, any associa-
tion with a specific disorder or trait may not be consistent enough or too weak to be de-
tected in smaller studies. A focus on global psychopathology should therefore increase 
the power to detect unspecific genetic loci, which are associated with global psychiatric 
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vulnerabilities. While one previous GWAS12 examined multiple disorders simultaneous-
ly, analyses on multiple dimensional measures of psychiatric problems in childhood are 
lacking. A focus on childhood problems is particularly important, as the incidence of 
many disorders changes across the life course. Moreover, childhood shows high hetero-
typic sequential continuity20, thus a GWAS of total psychiatric problem scores in child-
hood can contribute to the understanding of the development of psychopathology. 

	 Our aim was to identify genetic loci associated with a total psychiatric problem 
score including internalizing, externalizing, attention, neurodevelopmental and other 
psychiatric problems. We hypothesized that a large number of genetic loci may affect 
psychopathology in school-aged children. To identify these genetic variants, we per-
formed a GWAS meta-analysis within the EArly Genetics and Lifecourse Epidemiology 
(EAGLE) consortium. In addition, we aggregated the SNP results to perform gene-based 
tests, which may have better power to identify loci. We also performed several fol-
low-up analyses such as gene expression analyses, which may hint at which causal path-
ways are involved. We hypothesized that the stronger a gene is associated with the total 
psychiatric problem score, the higher the expression in brain tissue. Finally, we tested 
genetic correlations, i.e. the correlation due to shared genetic variants of the total psy-
chiatric problem score with various psychiatric, psychological, neurological and lifestyle 
or educational characteristics. The GWAS was aimed at detecting loci associated with 
global psychopathology, however, the same loci may also impact many other pheno-
types related to problem behavior, either through independent pathways, because the 
psychiatric symptoms caused by the genetic variant have an influence on other phe-
notypes, or because the geneitc loci first influence a related phenotype, which then 
causes psychopathology. To test the genetic correlations, we used information from 
previous GWAS available on LD hub35. We selected all traits, which were either psychi-
atric, psychological, neurological, or are affected by behavior. As the information came 
from mostly independent study populations, the genetic correlations with psychiatric 
phenotypes also serve as a validation of the GWAS results. 

METHODS

Participants
Cohorts from the EAGLE consortium were invited to participate in the project, if par-

ent-rated measures of psychiatric symptoms in the age range 5-16 years were available. 
Sixteen cohorts from Europe, the US and Australia contributed data to this meta-anal-
ysis. To avoid biases arising from population stratification we restricted the analysis to 
children of European ancestry. Sixteen cohorts with in sum 29,446 participants were 
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Cohort n Instrument Informant Age in 

years Age SD Score 
Mean Score SD % 

Female
ALSPAC 5461 SDQ Maternal 9.64 0.12 6.71 4.82 49

BREATHE 1618 SDQ Both 8.31 3.87 8.05 5.05 48

CADD 358 CBCL 4-18 Both 12.96 2.64 16.22 21.9 28

CATSS 6498 A-TAC Both 12 - 5.39 7.48 49

FiNNTWIN 959 MPNI Both 11.40 0.27 11.34 6.80 53

GenR 1847 CBCL 6-18 Maternal 9.70 0.28 17.29 15.18 51

Gini-Lisa 1389 SDQ Maternal 10.04 0.20 7.3 5.15 48
Glaku 312 CBCL Maternal 12.1 1.0 21.7 16.8 52
INMA 745 SDQ Both 5.1 0.78 8.87 5.00 38

NFBC1986 3346 Rutter Maternal 7.81 0.23 2.57 2.07 51

NTR 2563 CBCL 6-18 Maternal 9.9 0.98 19.32 15.89 52

RAINE 1366 CBCL 4-18 Both 10.58 0.20 21.12 18.62 48

TCHAD 2111 CBCL 6-18 Both 13 - 11.66 12.49 51

TEDS 2707 SDQ Both 11.26 0.69 7.00 5.02 54

TRAILS 1283 CBCL 6-18 Maternal 11.08 0.56 0.24 0.16 52

YFS 1352 HES Maternal 10.55 3.33 14.65 6.75 54

Table 1: Phenotype Characteristics

ALSPAC Avon Longitudinal Study of Parents and Children
CADD Center on Antisocial Drug Dependence
CATSS The Child and Adolescent Twin Study in Sweden
GenR Generation R
INMA Infancia y Medio Ambiente
NFBC1986 Northern Finland Birth Cohorts
NTR Netherlands Twin Register
TCHAD Twin Study of Child and Adolescent Development
TEDS Twins Early Development Study
TRAILS Tracking Adolescents’ Individual Lives Survey
YFS The Cardiovascular Risk in Young Finns Study
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Figure 1: Quality control steps of individual cohort results.
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III

meta-analyzed. Participants had mean ages of 9.9 years. See Table 1 for participant 
demographics per cohort. 

Outcome
Psychiatric problems were assessed with parent-rated questionnaires at ages 5-16 

years (mean=9.9, standard deviation (SD)=2.02) (Table 1). When information on psycho-
pathology was available at multiple ages, we asked to use the assessment wave closest 
to the age of 10 as we aimed to investigate school-age psychopathology. All items of a 
broad psychiatric questionnaire were summed into a single total psychiatric sum score. 
Some questionnaires included items on sleep, thought, eating problems, and pervasive 
developmental disorders but in all cohorts at least internalizing, externalizing and at-
tention problems were assessed. As expected in population-based cohorts, these total 
psychiatric problem scores had a skewed distribution. We applied a log transformation 
plus 1 to avoid bias due to non-normal residuals and influential observations, especially 
by low frequency variants. Since different scales were used, the log-transformed scores 
were converted to a z-score within cohorts to make units comparable across cohorts. 
Instruments included the Child Behavior Checklist21, Strengths and Difficulties Ques-
tionnaire22, Multidimensional Peer Nomination Inventory23, Rutter Children’ Behaviour 
Questionnaire24, A-TAC25, and items derived from the Health Examination Survey26. 

Genotyping and QC
Genotyping was performed in all cohorts using genome-wide genotyping arrays. 

Cohort-specific pre-imputation quality control was performed using established pro-
tocols. In all discovery cohorts, SNPs were imputed to the 1000 Genomes Phase 1 or 
Phase 3 reference panel.27 Each cohort performed a GWAS and summary results were 
collected for meta-analysis. We omitted the X-chromosome from further analysis as 
most cohorts had no information on X-linked SNPs available. Pre-meta-analysis QC was 
performed with EasyQC.28,29 Map and reference allele files were based on 1000G phase 
III version 5 data (Build 37). The QC steps are summarized in Figure 1. After meta-anal-
ysis, we excluded SNPs with low MAF (<5%), sample size (<5000) or a low numbers of 
cohorts with data on the tested SNP (<8). Finally, we checked the pooled results for 
spurious inflation by examining QQ-plots of the p distribution and by examining the LD 
score regression intercept (see statistical analysis).

Statistical analysis
Single SNP associations and meta-analysis

The z-scores of the total psychiatric problems scores were related to the SNP dosag-
es in a linear model. Covariates included gender, age at assessment and principal com-
ponents of ancestry. The number (0-10) of components were specified by cohort, de-
pending on the extend of population stratification. CATSS and TCHAD additionally used 
a random effect to account for familial relatedness. FINNTWIN and NTR did not use 
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principal components, but applied a mixed model with two random effects to control 
for population stratification and relatedness. We pooled the results from the individual 
cohorts using a fixed-effects inverse variance meta-analysis. R 3.4.3 was used for QC, 
data preparation and analysis of results.30 Meta-soft 2.0.1 was used for the meta-analy-
sis of single SNP associations.31 We based conclusions on a fixed effects model but also 
make available the results of a random effects model. For the latter, we used the Han 
and Eskin random effects approach31, which does not assume that the true effect be-
tween studies is equal, but does assume homogeneity of null effects. Results, however, 
tended to be biased towards SNPs with information from fewer studies. Therefore we 
based our conclusions on the fixed effects model. Yet, the τ2 statistic obtained from the 
random effects model was used as measure of heterogeneity. The individual cohort re-
sults after quality control were examined and meta-analyzed independently by the first 
and second author with consistent results.

Gene-based and expression analysis
The results were explored with the FUMA web tool32 First, we performed gene-

based tests using MAGMA33 in FUMA. MAGMA estimates the joint effect of all SNPs 
within a gene, while taking into account the LD structure, as well as gene size. We test-
ed 18,168 protein coding genes and thus the genome-wide significant p-value was set 
at 2.752e-6 using Bonferroni correction. Second, we tested, whether the results from 
the gene-based tests are related to gene expression in several tissues. Specifically, we 
used MAGMA to test whether the association strength between genes and the total 
psychiatric problem score was related to the mean gene expression level in a specific 
tissue. Given that we expected genes to act via brain pathways, we tested expression 
in 13 brain regions (Table 4). However, as other pathways may also be possible, we also 
investigated gene expression levels on an organ level (Supplementary Table 3). Gene 
expression levels were obtained from the GTEx database, which is based on RNA se-
quence data.34 FUMA uses expression values in reads per kilobase million (rpkm) after 
winsorization at 50 rpkm and log transformation after adding 1 to avoid zero values. 

SNP heritability and genetic correlations
We estimated the SNP heritability of total psychiatric problem scores with LD score 

regression35. LD score regression is based on the assumption that SNPs with strong cor-
relations with neighboring SNPs (high LD) are more likely to tag causal variants and 
thus have stronger associations with the phenotype. We used the online tool LD hub36 
to estimate common SNP heritability and genetic correlations with various psychiatric, 
psychological, neurological and lifestyle or educational characteristics. Genetic correla-
tions are computed by regressing the product of two GWAS’s association strength on 
the LD score. To compute the genetic correlations we used previously published GWAS 
summary statistics available on LD hub. Pubmed IDs for all traits are listed in Table 5, 
see these references for detailed genetic and phenotype methods of the correlates. LD 
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Gene Chr BP Start BP Stop nsnps n p

DMWD 19 46276205 46306060 48 25531 9,00E-7
DMPK 19 46262975 46295810 50 25255 1,00E-6
SIX5 19 46258043 46282484 35 25539 2,00E-6

TRAPPC6A 19 45656186 45691495 83 23784 7,00E-6

BLOC1S3 19 45672003 45695059 72 23884 2,00E-5

SLC40A1 2 190415305 190458484 97 25820 2,00E-5

TMEM56 1 95572894 95673163 294 26623 3,00E-5
NKPD1 19 45643008 45673408 60 24310 3,00E-5
FBXO46 19 46203887 46244162 68 24264 4,00E-5
TBCA 5 76976991 77174604 749 26665 7,00E-5
TRPS1 8 116410724 116831899 615 25482 8,00E-5
LRFN5 14 42066773 42383752 1086 25862 1,00E-4

RSPH6A 19 46288968 46328577 132 25712 1,00E-4

SLC25A26 3 66109285 66448540 775 24326 1,00E-4

LDHA 11 18405935 18439972 125 25821 1,00E-4
PAMR1 11 35443370 35561848 429 25908 2,00E-4

SLC9A3R2 16 2065357 2099027 86 21370 2,00E-4

SPATA7 14 88841268 88946694 136 25225 2,00E-4
RAB10 2 26246976 26370323 232 25544 3,00E-4
NPW 16 2049927 2080756 112 22389 3,00E-4
PTPN21 14 88922122 89031077 221 26175 3,00E-4

TMEM56-RWDD3 1 95573479 95722781 453 26725 3,00E-4

MARK4 19 45572546 45818541 777 24034 3,00E-4

DNASE2B 1 84854215 84890701 144 27431 3,00E-4

Table 3: Genes with genome-wide significant (p<3e-6) or suggestive (p<3e-4) results

Chr Chromosome
BP Basepair
Start Basepair Position of gene start
Stop Basepair Position of gene end
nsnps Number of SNPs within the gene 
n Number of participants
p p-value
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Brain Region β βSD SE p q

Caudate basal ganglia 0.02 0.06 0.01 <0.01 0.02

Putamen basal ganglia 0.02 0.05 0.01 <0.01 0.02

Amygdala 0.02 0.05 0.01 <0.01 0.02

Nucleus accumbens basal ganglia 0.02 0.04 0.01 0.01 0.03

Hippocampus 0.02 0.04 0.01 0.01 0.03

Anterior cingulate cortex BA24 0.02 0.04 0.01 0.01 0.03

Substantia nigra 0.02 0.04 0.01 0.03 0.06

Hypothalamus 0.01 0.04 0.01 0.04 0.07

Frontal Cortex BA9 0.01 0.03 0.01 0.05 0.07

Cortex 0.01 0.03 0.01 0.05 0.07

Spinal cord cervical c1 0.01 0.03 0.01 0.06 0.07

Cerebellum 0.01 0.02 0.01 0.18 0.2

Cerebellar Hemisphere 0.00 0.01 0.01 0.22 0.22

Table 4: Tissue expression analysis (neural tissues)

β Beta
βSD Beta Standard Deviation
SE Standard Error
p P-value
q False Discovery Adjusted P-values
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hub did not have summary statistics available for anxiety symptoms.37 We therefore 
obtained this information from the psychiatric genetics consortium (https://www.med.
unc.edu/pgc/results-and-downloads/downloads) and computed genetic correlations 
locally using ldsc 1.0.0 with the same settings as LD hub.

Heterogeneity and generalizability
The participating cohorts differed in instruments and genotyping platforms, in 

assessment age and population background. While only children with European an-
cestry were analyzed, they came from a variety of countries with different cultural 
backgrounds. The meta-analysis results may therefore vary depending on the exact 
composition of participating cohorts. To investigate how well the results generalize, 
we split the sample in two halves randomly, meta-analyzed both halves (eight cohorts 
each), and computed the genetic correlation between both halves. We repeated this 
step ten times and averaged the results. We also report the SNP heritability of these 
halves to assess the variability due to study selection.

RESULTS

Spurious inflation and SNP Heritability
We associated 8,804,648 SNPs with the z-score of the total psychiatric problem 

scores in 16 discovery cohorts in up to 29,446 children. The test statistics showed no 
spurious inflation according to a visual examination of a QQ-plot (see Figure 2) and the 
LD score regression intercept, which was close to 1 (β0 = 1.01, standard error (SE)=0.02). 
The common SNP heritability was 8.4% (SE=0.02).

SNP and gene based tests
No SNP reached genome-wide significance, see Figure 3 for a Manhattan plot. 36 

SNPs showed suggestive effects, defined as p<5E-06, see Table 2. Next we tested the 
association of 18,290 protein coding genes (as defined in FUMA) with the child total psy-
chiatric problem score by aggregating the effects of the single SNPs. In contrast to the 
single SNP test, the MAGMA results showed higher number of positive test-results than 
expected under the null (Figure 4). Three genes within one locus on 19q13.32 reached 
genome-wide significance, DMWD, DMPK, and SIX5 (see Figure 5 for Manhattan plot 
and Table 3 for estimates).

	 Next we performed the MAGMA tissue expression analysis in 13 specific brain 
tissues (Table 4). Several subcortical structures survived multiple testing correction, 
specifically basal ganglia, amygdala, hippocampus and anterior cingulate. In addition we 
performed tissue expression analysis for 30 tissues on an organ level, see Supplementa-
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Correlated trait PMID rG SE p q h2 

 Psychiatry

ADHD 20732625 0.71 0.24 3,00E-3 9,00E-3 0.22

Insomnia 28604731 0.67 0.11 2,00E-9 2,00E-8 0.05

Depressive symp-
toms 27089181 0.56 0.11 3,00E-7 2,00E-6 0.05

Anxiety symptoms 26754954 0.49 0.23 3,00E-2 6,00E-2 0.03

Major depressive 
disorder 22472876 0.33 0.14 2,00E-2 5,00E-2 0.16

PGC cross-disor-
der analysis 23453885 0.13 0.09 2,00E-1 3,00E-1 0.17

Schizophrenia 25056061 -0.02 0.06 7,00E-1 8,00E-1 0.46

Autism spectrum 
disorder 28540026 -0.03 0.11 8,00E-1 8,00E-1 0.40

Bipolar disorder 21926972 -0.05 0.09 6,00E-1 7,00E-1 0.42

Anorexia Nervosa 24514567 -0.13 0.08 9,00E-2 1,00E-1 0.52

 Neurology

Table 5: Genetic correlations based on LD score regression
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Correlated trait PMID rG SE p q h2 

Amyotrophic 
lateral sclerosis 27455348 0.16 0.17 3,00E-1 4,00E-1 0.05

Parkinsons dis-
ease 19915575 -0.03 0.10 8,00E-1 8,00E-1 0.35

Alzheimers dis-
ease 24162737 -0.14 0.16 4,00E-1 5,00E-1 0.04

  Personality and 
Wellbeing

Neuroticism 27089181 0.43 0.09 6,00E-7 3,00E-6 0.09

Neuroticism 24828478 0.30 0.15 4,00E-2 8,00E-2 0.01

Neo-openness to 
experience 21173776 0.05 0.15 7,00E-1 8,00E-1 0.11

Neo-conscien-
tiousness 21173776 0.05 0.21 8,00E-1 8,00E-1 0.07

Subjective well 
being 27089181 -0.45 0.10 4,00E-6 2,00E-5 0.03

Table 5: (Continued)



135GWAS of total psychiatric problems

III
Correlated trait PMID rG SE p q h2 

 Intelligence 
and educational 
attainment

Childhood IQ 23358156 -0.37 0.13 5,00E-3 1,00E-2 0.28

College comple-
tion 23722424 -0.50 0.09 9,00E-9 7,00E-8 0.08

Years of schooling 27225129 -0.53 0.07 3,00E-14 10,00E-13 0.12

Intelligence 28530673 -0.54 0.09 7,00E-10 9,00E-9 0.19

 Brain volume

Mean Thalamus 25607358 0.01 0.17 1,00E+0 1,00E+0 0.13

Mean Pallidum 25607358 -0.04 0.15 8,00E-1 8,00E-1 0.17

Mean Caudate 25607358 -0.15 0.12 2,00E-1 3,00E-1 0.25

Mean Hippocam-
pus 25607358 -0.16 0.16 3,00E-1 4,00E-1 0.13

Intracranial Vol-
ume 25607358 -0.20 0.16 2,00E-1 3,00E-1 0.17

Table 5: (Continued)
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Correlated trait PMID rG SE p q h2 

Mean Putamen 25607358 -0.29 0.12 1,00E-2 3,00E-2 0.29

Infant head cir-
cumference 22504419 -0.32 0.15 3,00E-2 6,00E-2 0.23

Mean Accumbens 25607358 -0.33 0.23 1,00E-1 2,00E-1 0.08

 General health 
behaviors/out-
comes

Cigarettes smoked 
per day 20418890 0.55 0.18 3,00E-3 9,00E-3 0.06

Body fat 26833246 0.48 0.10 1,00E-6 5,00E-6 0.11

Body mass index 20935630 0.23 0.07 5,00E-4 2,00E-3 0.19

Sleep duration 27494321 -0.19 0.10 5,00E-2 8,00E-2 0.06

Age of smoking 
initiation 20418890 -0.34 0.15 3,00E-2 6,00E-2 0.07

 Parent’s age at 
death

Mother’s age at 
death 27015805 -0.26 0.13 5,00E-2 8,00E-2 0.04

Table 5: (Continued)
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PMID PubMed ID, rG Genetic Correlation, SE Standard Error, p P-value,
q False Discovery Rate Adjusted P-values, h2 SNP heritability

Correlated trait PMID rG SE p q h2 

Father’s age at 
death 27015805 -0.28 0.14 5,00E-2 8,00E-2 0.04

 Reproduction

Number of chil-
dren ever born 27798627 0.27 0.09 3,00E-3 9,00E-3 0.03

Age of first birth 27798627 -0.50 0.08 1,00E-10 2,00E-9 0.06

Table 5: (Continued)
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ry Table 3. While expression in brain tissue reached nominal significance, expression in 
none of the other organs had statistically significant associations.

Genetic correlation
To quantify the extent to which the genetic associations of child psychiatric prob-

lems scores were shared with child and adult psychiatric, psychological, neurological 
and lifestyle or educational characteristics we performed genetic correlation analyses. 
After adjustment for false discovery rate, ADHD, insomnia, depressive symptoms, cig-
arettes smoked per day, body fat, neuroticism, major depressive disorder, number of 
children ever born and body mass index all showed positive genetic correlations be-
tween 0.23 and 0.71 with the total psychiatric problem score. Of these, the highest 
correlation of global psychopathology was with ADHD (Table 5). Mean putamen and 
accumbens volume, childhood IQ, subjective wellbeing, college completion, age of first 
birth, years of schooling and intelligence showed significant negative correlations with 
the total psychiatric problem score, ranging from -0.54 to -0.29. Of the psychiatric phe-
notypes tested, only the less common psychiatric disorders like schizophrenia, bipolar 
disorder, autism spectrum disorder, and anorexia showed no genetic correlation with 
the total psychiatric problem score.

Heterogeneity Analysis	
We computed the genetic correlation between ten randomly split sets to assess 

heterogeneity between the cohorts in our GWAS (Supplementary Table S4). On aver-
age, the genetic correlation was 0.77 (SD=0.12), ranging from 0.66-0.98, indicating that 
heterogeneity of effects between cohorts was limited. The SNP heritability ranged from 
8-16% and was on average 11% (SD=0.02).

DISCUSSION

The current study reports the first GWAS examining global psychopathology in 
children and the biggest GWAS to date examining a continuous measure of psychiatric 
symptoms in children. One locus including the genes DMWD, DMPK and SIX5 reached 
genome-wide significance in a gene-based analysis, but no individual SNP was ge-
nome-wide significant. Stronger gene-based association with the total psychiatric prob-
lem score corresponded to higher expression in brain tissue, in particular limbic regions. 
The genetic effects underlying global psychopathology were shared with common psy-
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chiatric disorders (ADHD, anxiety, depression, insomnia), but not with less common 
ones (schizophrenia, bipolar disorder, autism, eating disorders). 

 DMWD, DMPK and SIX5 comprise a locus known as the myotonic dystrophy (DM1) 
gene cluster38. Myotonic dystrophy is a genetic disorder caused by a CTG repeat in 
DMPK leading to muscle wasting and function loss. In addition myotonic dystrophy is 
associated with neural and cognitive behavioral deficits.38,39 DMWD is highly expressed 
in synapses and related to neurodevelopment in rats, and is therefore suspected to 
cause the neuropsychological problems in myotonic dystrophy.38 Interestingly, DMWD 
was previously associated with Alzheimer disease, providing further evidence that the 
locus is important for neural functioning.40 Our results suggest as well that this locus is 
not only involved in rare neurological disorders, but that common variants in the myo-
tonic dystrophy gene cluster impact psychiatric problems together with many other 
genetic variants and environmental influences.

Not only are these three genes, which we discovered in the gene-based analyses, 
expressed in the brain, but the genome-wide gene expression analysis also suggests, 
that loci more strongly associated with the total psychiatric problem score are more 
likely to be expressed in the limbic system of the brain. The limbic system includes evo-
lutionary preserved regions responsible for emotion regulation and motivation41, which 
were previously implicated in affective disorders, ADHD and OCD.42,43 The present study 
suggests that genetic variants affecting psychopathology in general are most likely to 
act via pathways involving limbic structures and therefore supports the notion, that 
variation in this brain region may act as intermediate phenotype of psychopathology 
and potential target for intervention44.

The total psychiatric problem scores were based on various instruments, which all 
included items for common psychiatric internalizing, attention, and externalizing symp-
toms. Therefore, it is not surprising that common psychiatric symptoms and disorders 
such as ADHD, anxiety and depression shared 25% or more of the genetic variation with 
the total psychiatric problem score. ADHD showed the highest genetic correlation, per-
haps because ADHD symptoms are well covered in the instruments tested and because 
the source GWAS was well powered to estimated the SNP effects precisely. In contrast, 
the extent to which the questionnaires used in this study covered other less common 
problems, such as psychotic, bipolar or autistic symptoms varied greatly by instrument, 
with e.g. the SDQ only covering emotional, conduct, hyperactivity and peer relationship 
problems, but not thought disorders, such as the CBCL. Furthermore, age of onset for 
schizophrenia and bipolar disorder is typically in adolescence and adulthood.45,46 In the 
case of autism spectrum disorder the age of onset is early, but the prevalence in the 
cohorts low. Thus the total psychiatric problem score was very broad but not represen-
tative of psychiatric disorders with lower prevalence rates or emergence at later ages. 
This most likely explains why the genetic correlations with the less common psychiatric 
disorders autism, schizophrenia and bipolar disorder with the total psychiatric problem 
score measured at age 10 were very low to absent. The differential genetic correlations 



140 Chapter III.D

with common and not the relatively rare disorders suggests that there is a continuum 
of genetic effects from very specific variants, variants which underlie either common 
or less common disorders, to variants which underlie most psychiatric problems.2,8 The 
latter set of variants may be better detected with measures of global psychopathology 
in older children, when thought disorders such as schizophrenia and bipolar disorder 
occur.

In this study we observed 8% SNP heritability, which is equivalent to the heritabil-
ity of ADHD symptoms in children4, but somewhat higher than the 5% heritability for 
depression symptoms47 and 7% for anxiety symptoms37 in adulthood. Previous studies 
observed heritability estimates to increase from childhood to adulthood for most psy-
chiatric symptoms, such as anxiety (3% per year), depression and externalizing behav-
iors (1% per year for both).48 An exception appears to be ADHD heritability, which tends 
to decrease somewhat across age.49,50 Explanations for this increase with age include 
gene-environment correlation effects and timing differences of puberty in dizygotic 
boy/girl twin pairs, though the latter would not impact GWAS studies with unrelated 
participants.48 Importantly, the lack of precision resulting from the contextual effects of 
ratings from an external observer, i.e. the parent, which are inherent to child psychiat-
ric assessments may also play a role in the increase of heritabilities from childhood to 
adulthood. Further research is needed to investigate whether the heritability of a total 
psychiatric problem score is age dependent similarly to affective and externalizing prob-
lems and perhaps should be explicitly modeled in a longitudinal GWAS design.

Next to high genetic correlations with common psychiatric disorders and symptoms, 
we also observed high genetic correlations with phenotypes such as intelligence, edu-
cational attainment, wellbeing, insomnia, smoking and body fat. For illustration, the 
results suggest that more than 20% of the genetic effects underlying total psychiatric 
problem scores in children are shared with the amount of body fat individuals have or 
the number of cigarettes they smoke at later ages. Negative genetic correlations with 
mean putamen and nucleus accumbens volume suggest these structures as potential 
intermediate phenotypes. Alternative explanations would be, that these regions are 
affected by psychiatric symptoms or that they are independent outcomes of the genetic 
effects. 

A limitation of this study is the large heterogeneity in methods. The cohorts included 
in this study used different genotyping arrays and different instruments to measure psy-
chopathology. On the one hand, the variety of methods is an advantage, since detected 
associations are expected to be more generalizable. Genetic correlations calculated for 
random splits of the sample in half generally were high, indicating that similar results 
on a genome-wide level for both subsamples were found and therefore suggesting that 
the genetic effects in the full sample are generalizable. On the other hand, the high het-
erogeneity might reduce power and limit the detectability of less robustly associated 
variants. The gene-based tests showed better test results than expected under the null, 
which may indicate bias or power. In this GWAS the higher lambda of the gene-based 
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tests is more likely the result of less tests to correct for and hence higher power, given 
that the SNP results did not indicate biases due to population stratification, so a true 
polygenic signal is likely. Finally, as in any other GWAS study, the extent to which the 
found associations can be interpreted causally is difficult. Due to linkage disequilibrium 
it is unclear whether all three of the identified genes (DMWD, DMPK and SIX5) have a 
causal influence on psychopathology, only a subset or perhaps none, as they may be 
marker for nearby causal variants. However, as discussed, given the prior literature on 
the functioning of the genes, a direct causal influence seems plausible.

In conclusion, the GWAS of total psychiatric problem scores supports the notion 
that part of psychiatric genetics is shared among internalizing, externalizing, attention 
and other psychiatric problems in childhood. Moreover, the results suggest that genes 
involved in the total psychiatric problem scores act mostly via neural pathways, in par-
ticular limbic regions. The pleiotropy was not restricted to psychiatric phenotypes, but 
also included intelligence, neural features, educational attainment, wellbeing, insom-
nia, smoking, body fat and reproduction. Interestingly, we did not find shared genet-
ic effects with autism, schizophrenia and bipolar disorder. We identified the myotonic 
dystrophy gene cluster as locus associated with child psychiatric problems in general, 
however, further investigation is needed to confirm these findings and explore potential 
causal mechanisms. 
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Figure 2: Quantile-quantile plot of observed -log 10 p values vs expected -log 10 p values assum-
ing chance findings in single SNP analysis. Diagonal line indicates a p value distribution compat-
ible with chance finding. Upward deviations indicate p values more significant than expected.

Figure 3: Manhattan plot of -log 10 p values vs SNP position for single SNP analysis.
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Figure 4: Quantile-quantile plot of observed -log 10 p values vs expected -log 10 p values assum-
ing chance findings in gene based analysis. Diagonal line indicates a p value distribution compat-
ible with chance finding. Upward deviations indicate p values more significant than expected.

Figure 5: Manhattan plot of -log 10 p values vs SNP position for gene based analysis. Genes above 
the red horizontal line indicate genome-wide significant findings.
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tinue their participation. The CATSS-9/12 study has ethical approval from the Karolins-
ka Institute Ethical Review Board: Dnr 03-672 and 2010/507-31/1, CATSS-9 – clinical 
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2010/1099-31/3 CATSS-15 Dnr: 2009/1599-32/5, CATSS-15/DOGSS Dnr: 03-672 and 
2010/1356/31/1, and CATSS-18 Dnr: 2010/1410/31/1.

https://ki.se/meb/catss, 4. Anckarsäter H, Lundström S, Kollberg L, et al. The child and adolescent twin 

study in Sweden (CATSS). Twin Res Hum Genet. 2011;14(6):495-508.

FiNNTWIN FinnTwin125 is a longitudinal twin study launched in 1994 to investigate 
the developmental epidemiology of health-related behaviors. From 1994 to 1998, all 
Finnish families with twins born in 1983–1987 were identified from Finland’s Popu-
lation Register Centre and enrolled into a two-stage sampling design. The first stage 
included questionnaire assessments of all twins and parents at baseline (87% partic-
ipation rate, 2724 families) conducted during the year in which the consecutive twin 
cohorts reached age 11, with follow-up of all twins at ages of 14 and 17½ years, and as 
young adults (age 22). Data collection procedures were approved by the Ethics Com-
mittee of Helsinki University, Finland and the Institutional Review Board of Indiana 
University, Bloomington, USA.

5. Rose RJ, Dick DM, Viken RJ, Pulkkinen L, Kaprio J. Drinking or abstaining at age 14? A genetic epi-

demiological study. Alcohol Clin Exp Res. 2001;25(11):1594-1604. doi:10.1111/j.1530-0277.2001.tb02166.x

GenR Generation R6 is a population-based birth cohort aiming to identify early en-
vironmental and genetic determinants of development and health. All parents gave 
informed consent for their children’s participation. The Generation R Study is con-
ducted in accordance with the World Medical Association Declaration of Helsinki and 
study protocols have been approved by the Medical Ethics Committee of the Erasmus 
Medical Center, Rotterdam.

www.generationr.nl, 6. Kooijman MN, Kruithof CJ, van Duijn CM, et al. The Generation R Study: design 

and cohort update 2017. Eur J Epidemiol. 2016;31(12):1243-1264. doi:10.1007/s10654-016-0224-9

Gini-Lisa The influence of Life-style factors on the development of the Immune 
System and Allergies in East and West Germany PLUS the influence of traffic emissions 
and genetics (LISAplus) Study is a population based birth cohort study.7,8 A total of 
3094 healthy, full-term neonates were recruited between 1997 and 1999 in Munich, 
Leipzig, Wesel and Bad Honnef. The participants were not preselected based on family 
history of allergic diseases. A total of 5991 mothers and their newborns were recruited 
into the German Infant study on the influence of Nutrition Intervention PLUS environ-
mental and genetic influences on allergy development (GINIplus) between September 
1995 and June 1998 in Munich and Wesel. Infants with at least one allergic parent 
and/or sibling were allocated to the interventional study arm investigating the effect 
of different hydrolysed formulas for allergy prevention in the first year of life. All chil-
dren without a family history of allergic diseases and children whose parents did not 
give consent for the intervention were allocated to the non-interventional arm. DNA 
was collected at the age 6 and 10 years and 1511 children from the Munich study cen-
ter from both studies were genotyped. For both studies, approval by the local Ethics 
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Committees and written consent from participant’s families were obtained. 
www.helmholtz-muenchen.de/epi/research/research-groups/allergy-epidemiology/projects/giniplus/

index.html, 7. Heinrich J, Bolte G, Hölscher B, et al. Allergens and endotoxin on mothers’ mattresses and 

total immunoglobulin E in cord blood of neonates. Eur Respir J. 2002;20(3):617-623. , 8. Strandberg TE, Järv-

enpää AL, Vanhanen H, McKeigue PM. Birth outcome in relation to licorice consumption during pregnancy. 

Am J Epidemiol. 2001;153(11):1085-1088. doi:10.1093/aje/153.11.1085

 Glaku The adolescents came from an urban community-based cohort comprising 
1049 infants born between March and November 1998 in Helsinki, Finland.9 Ethics 
Committees of the City of Helsinki Health Department and Children’s Hospital in Hel-
sinki University Central Hospital approved the study protocol. Each child and her/ his 
parent(s) provided their written informed consent at both follow-ups.

9. Guxens M, Ballester F, Espada M, et al. Cohort profile: The INMA-INfancia y Medio Ambiente-(envi-

ronment and childhood) project. Int J Epidemiol. 2012;41(4):930-940. doi:10.1093/ije/dyr054

INMA The INMA—INfancia y Medio Ambiente—(Environment and Childhood) Proj-
ect10 is a network of birth cohorts in Spain that aim to study the role of environmental 
pollutants in air, water and diet during pregnancy and early childhood in relation to 
child growth and development (http://www.proyectoinma.org/) (Guxens et al. 2012). 
The study has been approved by Ethical Committee of each participating centre and 
written consent was obtained from participating parents. Data for this study comes 
from INMA Sabadell and Valencia subcohorts.

http://www.proyectoinma.org/, 10. Jarvelin M-R, Elliott P, Kleinschmidt I, et al. Ecological and individual 

predictors of birthweight in a northern Finland birth cohort 1986. Paediatr Perinat Epidemiol. 1997;11:298-

312.

NFBC1986 NFBC198611 is a population-based birth cohort aiming to identify early 
environmental and genetic determinants of development and health. All parents gave 
informed consent for their children’s participation. NFBC1986 is conducted in accor-
dance with the World Medical Association Declaration of Helsinki and study proto-
cols have been approved by the Ethics Committee of Northern Ostrobotnia Hospital 
District, Finland

www.oulu.fi/nfbc, 11. \Van Beijsterveldt CEM, Groen-Blokhuis M, Hottenga JJ, et al. The young Neth-

erlands twin register (YNTR): Longitudinal twin and family studies in over 70,000 children. Twin Res Hum 

Genet. 2013;16(1):252-267. doi:10.1017/thg.2012.118

NTR NTR12 is a population-based twin cohort of twins registered shortly after birth by 
their parents.

http://www.tweelingenregister.org/, 12. Van Beijsterveldt CEM, Groen-Blokhuis M, Hottenga JJ, et al. 

The young Netherlands twin register (YNTR): Longitudinal twin and family studies in over 70,000 children. 

Twin Res Hum Genet. 2013;16(1):252-267. 

RAINE The Western Australian Pregnancy Cohort (RAINE) Study13 is a longitudinal 
study of 2900 pregnant women and their offspring consecutively recruited from 
maternity units between 1989 and 1991(2). The inclusion criteria were (i) English lan-
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guage skills sufficient to understand the study demands, (ii) an expectation to deliver 
at King Edward Memorial Hospital (KEMH), and (iii) an intention to remain in Western 
Australia to enable future follow-up of their child. Ninety percent of eligible women 
agreed to participate in the study. From the original cohort, 2868 children have been 
followed over two decades. The study was conducted with appropriate institutional 
ethics approval, and written informed consent was obtained from mothers at all fol-
low-ups and participants at the year 17 follow-up. The RAINE sample is representative 
of the larger Australian population (88% Caucasian). DNA samples have been collected 
using standardized procedures at 14 or 16 years of age. Only those children with both 
biological parents of White European origin were included in the current analyses.

www.rainestudy.org.au, 13. McKnight CM, Newnham JP, Stanley FJ, et al. Birth of a cohort — The 

first 20 years of the raine study. Med J Aust. 2012;197(11):608-610. 

TCHAD TCHAD14 is a longitudinal study of all 1480 twin pairs born in Sweden between 
May 1985 and December 1986 followed with four waves of measurements from 
childhood (age 8–9), throughout early (age 13–14) and late adolescence (age 16–17), 
into emerging adulthood (age 19–20). The TCHAD (Dnr 94-277, 98-486, 02-271, 05-628, 
12-2107) study has been approved by the Ethics Committee at Karolinska Institutet.

https://ki.se/en/research/swedish-twin-registry-for-researchers, 14. Lichtenstein P, Tuvblad C, Larsson 

H, Carlström E. The Swedish twin study of child and adolescent development: the TCHAD-study. Twin Res 

Hum Genet. 2007;10(1):67-73.

TEDS TEDS15 is a multivariate longitudinal study that recruited more than 11,000 
twin pairs born in England and Wales in 1994, 1995, and 1996. The TEDS sample is 
representative of the UK population compared with the data obtained by the Office 
of National Statistics. The project received approval from the King’s College London 
Institute of Psychiatry ethics committee, and parental consent was obtained before 
data collection.

https://www.teds.ac.uk/, 15. Haworth CMA, Davis OSP, Plomin R. Twins early development study 

(TEDS): A genetically sensitive investigation of cognitive and behavioral development from childhood to 

young adulthood. Twin Res Hum Genet. 2013;16(1):117-125.

TRAILS TRAILS16 (TRacking Adolescents’ Individual Lives Survey) is a prospective 
cohort study of Dutch adolescents with bi- or triennial measurements from age 11 to 
at least age 25 and consists of a general population and a clinical cohort (for a cohort 
profile see Huisman et al., 2008). In the population cohort, four assessment waves 
have been completed to date, which ran from March 2001 to July 2002 (T1), Septem-
ber 2003 to December 2004 (T2), September 2005 to August 2007 (T3), and October 
2008 to September 2010 (T4). Data for the present study were collected during the 
third assessment wave. TRAILS is conducted in accordance with the World Medical 
Association Declaration of Helsinki and the protocol was approved by the Central 
Committee on Research Involving Human Subjects (CCMO), The Hague, the Nether-
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lands. All participating adolescents and their parents gave written informed consent.
www.trails.nl, 16. Huisman M, Oldehinkel AJ, de Winter A, et al. Cohort profile: The Dutch TRacking 

Adolescents Individual Lives Survey; TRAILS. Int J Epidemiol. 2008;37(6):1227-1235. 

YFS The Young Finns Study17,18 has been financially supported by the Academy of 
Finland: grants 286284, 134309 (Eye), 126925, 121584, 124282, 129378 (Salve), 117787 
(Gendi), and 41071 (Skidi); the Social Insurance Institution of Finland; Competitive 
State Research Financing of the Expert Responsibility area of Kuopio, Tampere and 
Turku University Hospitals (grant X51001); Juho Vainio Foundation; Paavo Nurmi 
Foundation; Finnish Foundation for Cardiovascular Research ; Finnish Cultural Founda-
tion; The Sigrid Juselius Foundation; Tampere Tuberculosis Foundation; Emil Aaltonen 
Foundation; Yrjö Jahnsson Foundation; Signe and Ane Gyllenberg Foundation; Diabe-
tes Research Foundation of Finnish Diabetes Association; and EU Horizon 2020 (grant 
755320 for TAXINOMISIS); European Research Council (grant 742927 for MULTIEPIGEN 
project); and The Wihuri Foundation.

http://youngfinnsstudy.utu.fi/, 17. Juonala M, Viikari JSA, Raitakari OT. Main findings from the pro-

spective Cardiovascular Risk in Young Finns Study. Curr Opin Lipidol. 2013;24(1):57-64., 18. Raitakari OT, 

Juonala M, Rönnemaa T, et al. Cohort profile: The cardiovascular risk In young Finns study. Int J Epidemiol. 

2008;37(6):1220-1226. 
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Tissue β βSD SE p q

Brain 0.01 0.04 0.01 0.02 0.57

Liver 0.01 0.02 0.01 0.11 0.86

Breast 0.02 0.05 0.02 0.14 0.86

Pituitary 0.01 0.02 0.01 0.15 0.86

Adipose tissue 0.01 0.04 0.01 0.15 0.86

Nerve 0.01 0.03 0.01 0.17 0.86

Kidney 0.01 0.02 0.01 0.23 0.94

Skin 0.01 0.01 0.01 0.03 0.94

Muscle 0.00 0.01 0.01 0.37 0.94

Vagina 0.00 0.01 0.01 0.38 0.94

Bladder 0.00 0.01 0.02 0.04 0.94

Colon 0.00 0.01 0.02 0.04 0.94

Stomach 0.00 0.00 0.01 0.45 0.94

Testis 0.00 0.00 0.01 0.51 0.94

Blood 0.00 0.00 0.01 0.53 0.94

Pancreas 0.00 0.00 0.01 0.54 0.94

Salivary Gland 0.00 0.00 0.01 0.55 0.94

Cervix Uteri 0.00 -0.01 0.02 0.58 0.94

Small intestine 0.00 -0.01 0.01 0.61 0.94

Blood vessel 0.00 -0.01 0.01 0.63 0.94

Prostate -0.01 -0.03 0.01 0.75 0.94

Heart -0.01 -0.02 0.01 0.76 0.94

Uterus -0.01 -0.03 0.01 0.77 0.94

Esophagus -0.01 -0.04 0.02 0.08 0.94

Spleen -0.01 -0.02 0.01 0.85 0.94

Table S 3: Tissue expression analysis (organs)
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β Beta
βSD Beta Standard Deviation
SE Standard Error
p P-value
q False Discovery Rate Adjusted P-values

Adrenal gland -0.01 -0.03 0.01 0.87 0.94

Fallopian tube -0.02 -0.05 0.02 0.88 0.94

Thyroid -0.02 -0.04 0.01 0.09 0.94

Lung -0.02 -0.04 0.01 0.91 0.94

Ovary -0.02 -0.05 0.01 0.96 0.96

Table S 3: (Continued)
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Random Split rG SE p Sample 1 h2 Sample 2 h2

1 0.66 0.21 2,00E-3 0.16 0.07

2 0.65 0.21 2,00E-3 0.08 0.13

3 0.84 0.22 1,00E-4 0.10 0.10

4 0.73 0.23 1,00E-3 0.12 0.09

5 0.80 0.21 1,00E-3 0.10 0.11

6 0.71 0.20 5,00E-4 0.11 0.10

7 0.63 0.16 7,00E-5 0.13 0.11

8 0.93 0.20 5,00E-6 0.11 0.09

9 0.79 0.18 1,00E-5 0.13 0.08

10 0.98 0.23 3,00E-5 0.12 0.08

 rG SD h2 SD

Average 0.77 0.12 0.11 0.02

Table S 4: Generalizability of the results

Cohorts were split into two halves, each half was 
meta-analyzed and genetic correlations between both
halves were computed. This was repeated ten times.
PMID PubMed ID
rG Genetic Correlation
SE Standard Error
p P-value
h2 SNP heritability
SD Standard Deviation of genetic correlations
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ABSTRACT

Objective: Co-occurrence of behavioral and emotional problems in childhood is wide-
spread and previous studies have suggested that this reflects vulnerability to experi-
ence a range of psychiatric problems, often termed a general psychopathology factor. 
However, the neurobiological substrate of this general factor is not well understood. 
We tested the hypothesis that lower overall white matter microstructure is associated 
with higher levels of the general psychopathology factor in children and less with spe-
cific factors. 

Method: Global white matter microstructure at age 10 years was related to general and 
specific psychopathology factors. These factors were estimated using a latent bifactor 
model with multiple informants and instruments between ages 6-10 years in 3030 chil-
dren from the population-based birth cohort Generation R. The association of global 
white matter microstructure and the psychopathology factors was examined with a 
structural equation model adjusted for sex, age at scan, age at psychopathology assess-
ment, parental education/income and genetic ancestry.

Results: A 1-standard deviation (SD) increase of the global white matter factor was 
associated with a β=-0.07SD (SE=0.02, p<0.01) decrease in general psychopathology. 
In contrast, a 1-SD increase of white matter microstructure predicted an increase of 
β=+0.07SD (SE=0.03, p<0.01) specific externalizing factor levels. No association was 
found with the specific internalizing and specific attention factor.

Conclusions: The results suggest that general psychopathology in childhood is related 
to white matter structure across the brain and not only to specific tracts. Taking into 
account general psychopathology may also help reveal neurobiological mechanisms be-
hind specific symptoms which are otherwise obscured by comorbidity.



159White matter & general psychopathology

III

INTRODUCTION

Child psychological problems are commonly grouped into behavioral (externalizing) 
and emotional (internalizing) problems based on the observation that symptoms within 
a given domain often co-occur. Nonetheless, it is well known that even across these 
broadly defined domains, the symptoms correlate substantially.1,2 Likewise, categorical-
ly defined psychiatric disorders co-occur above chance level.3,4 In recent years, studies 
in children,5–7 adolescents,8,9 and adults10,11 have suggested that this broadly shared vari-
ance can be described by a latent construct which underlies all psychiatric problems: a 
general psychopathology factor. These studies consistently support the hypothesis that 
co-occurence of psychiatric problems is explained by both a general propensity to have 
any problem and by a specific propensity to display characteristics of a certain psycho-
pathology domain.12

The question then arises whether this higher order structure of psychopathology is 
also mirrored in the brain.12 Zald and Lahey13 propose a framework in which some brain 
features underlie the risk to experience any psychiatric problems, while other neural 
circuits are linked to the occurrence of specific symptoms. One possibility is that global 
brain characteristics reflect a non-specific psychopathology risk. White matter micro-
structure, believed to serve as the backbone for fast efficient neural communication, is 
a possible candidate substrate.

White matter microstrucutre encompasses several neural characteristics important 
for providing structural connectivity, such as axonal properties and degree of myelin-
ation. These characteristics are determined by genetic and environmental factors.14 
White matter differences across several regions were associated with a variety of psy-
chological and psychiatric outcomes, such as IQ and visuospatial abilities,15 early-onset 
schizophrenia and bipolar disorder,16 ADHD17, anxiety and depression.18,19 Most studies 
have only tested the effects of specific tracts. However, given the diversity of tracts 
identified, the question arises to what extent these associations represent effects of 
global variation of white matter across the brain. Though the literature is sparse, stud-
ies examining whole-brain metrics have demonstrated that global white matter micro-
structure is associated with cognitive abilities in children,15 depression in adults,19 as 
well as attention and internalizing problems in children born preterm.20

These studies of global white matter microsture used traditional definitions of single 
disorders/domains and did not distinguish between general and specific associations. 
The use of a latent general psychopathology factor may help better characterize the 
extent to which white matter microstructure is associated with a general vulnerability 
to psychopathology. At the same time, specific psychopathology factors can be tested. 
Internalizing or externalizing factors, which are uncorrelated to the general psychopa-
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thology factor, may help to identify links between white matter tracts and specific psy-
chopathology domains.

Against this background, we hypothesized that lower global white matter micro-
structure across the brain is associated with higher levels of the general psychopathol-
ogy factor and less with specific psychopathology factors. To test this hypothesis, we 
measured global white matter microstructure using diffusion tensor imaging (DTI) in 
10-year-old children participating in the Generation R Study (GenR), a population-based 
birth cohort. Global white matter microstructure was quantified as a latent construct, 
reflecting white matter microstructure of 12 measured tracts. We repeatedly assessed 
common psychological problems from ages 6-to-10 using mother, father, teacher and 
child reports, and subsequently estimated general and specific psychopathology fac-
tors.

METHOD

Participants and ethical considerations
This study was embedded in GenR,21,22 a population-based birth cohort. All parents 

gave informed consent for their children’s participation. GenR is conducted in accor-
dance with the Declaration of Helsinki and study protocols have been approved by the 
Ethics Committee of the Erasmus Medical Center.

Usable DTI scans were available for 3050 children. At least one psychological prob-
lem subscale was available for 3030 children. All results are based on this sample of 
3030 children, except for the results of the tract-based spatial statistics (TBSS)23 analy-
sis (n=2996), which required additional quality control (Figure S1). Descriptive statistics 
can be found in Table 1. A full method description can be found in the Supplementary 
Methods.

Measures
Child psychological problems

We used the Child Behavior Checklist (CBCL) 1 ½ -5 years24 to assess child behav-
ioral problems at age 6 years (mean=5.9, SD=0.3) and the CBCL 6-1825 at age 10 years 
(mean=10, SD=0.3). At the age of 6 years, questionnaires were completed by the prima-
ry caregiver (92% mothers). At age 10 years, the questionnaire was filled in by mother 
and father separately. Teachers assessed children at age 7 years (mean=6.5, SD=1.1) 
with the Teacher’s Rating Form 6-18 years25. At age 6 years (mean=6.0, SD=0.4) we con-
ducted the Berkeley Puppet Interview,26 a semi-structured interactive child interview, 
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at our research center. At age 10 years (mean=9.8, SD=0.3) years the children rated their 
problems with the Brief Problem Monitor27 plus items related to thought problems.

Diffusion Tensor Imaging
Children underwent diffusion tensor imaging at age 10 years (mean=10.1 years, 

SD=0.6). MRI scans were performed using a 3T General Electric scanner with an 8-chan-
nel head coil. Diffusion tensor imaging consisted of a 35-direction echo planar imaging 
sequence (TR=12,500ms, TE=72ms, FoV=240mm*240mm, acquisition matrix=120*120, 
slice thickness=2mm, slice number=65, Asset Acceleration Factor=2, b=900s/mm2, 
3 b=0 images). We computed fractional anisotropy (FA), mean diffusivity (MD), radi-
al diffusivity (RD), and axial diffusivity (AD).28 Connectivity distributions for 12, large 
well-defined and widely reported fiber bundles were derived with probabilistic fiber 
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Figure 1: Abbreviated path diagram of the main analysis model. All latent variables (oval shape) 
are included. Observed variables (square) from the CBCL at age 10 by a single informant are 
displayed as an example. Observed variables from other instruments and informants, as well as 
specific tracts were omitted. Numbers displayed are standardized regression coefficients. L Tr = 
left tract, R Tr = right tract, White matter = Global white matter integrity, Education P = Paternal 
education, Education M = Maternal education, GEN = General Psychopathology, INT = Internaliz-
ing, ATT = Attention, EXT = Externalizing.
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tractography.29,30 For TBSS analyses the DTI images were registered to a study-specific 
and age-appropriate template.31

Measures of IQ, school performance, temperament, happiness and parental 
psychopathology

We assessed non-verbal IQ with the Snijder-Oomen nonverbal intelligence test at 
age 6.32 At the same age we measured temperamental dimensions with the Child Be-
havior Questionnaire (Very-Short-Form), a parent-rated questionnaire.33 School perfor-
mance was assessed by the Cito, a standardized exam at the end of primary school in 
which language and math skills are tested.34 Happiness was measured by asking the 
parents at age 10: “How often was your child happy in the past 4 weeks?”. Parental 
psychopathology was assessed with the Brief Symptom Inventory.35

Statistical Analysis
We used a structural equation model to associate global white matter microstruc-

ture with general and specific factors of psychopathology (Figure 1). All models were 
fitted in R 3.4.136 with the package Lavaan 0.5-23.1109737. We used a maximum likeli-
hood estimator with robust standard errors (MLM) to account for multivariate non-nor-
mality. 

The general psychopathology factor
The general psychopathology factor was specified to underlie all problem subscales 

from all instruments and time-points (Table S1). The subscales were also specified to 
load on one of the specific internalizing, the specific externalizing, or the specific at-
tention scales defined on the basis of the assessment scales. Therefore, the attention 
subscales from each informant, for example, loaded on the general as well as specific at-
tention factor. Specific psychopathology factors were allowed to correlate among each 
other, but not with the general psychopathology factor. The specific factors thus rep-
resent covariance among subscales that cannot be explained by a general propensity 
for psychiatric problems. As such the specific factors differ distinctly from the observed 
broadband scales, e.g. the mother-rated CBCL internalizing and externalizing scores had 
a correlation of +0.54 (SE=0.01, p<0.01), but the specific externalizing and internaliz-
ing factors do not correlate positively (r=-0.36, SE=0.04, p<0.01) because the shared 
variance is already captured by the general factor.11 The same holds for the specific 
attention-specific internalizing correlation (r=-0.47, SE=0.03, p<0.01). The specific at-
tention and externalizing factors did not correlate with each other (r=+0.06, SE=0.03, 
p=0.06). The higher order structure of the model tested can be seen as an extension 
of the instruments’ established factor structure which informed the computation of 
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the subscales. Importantly, we included additional method factors, which capture the 
shared variance unique to an informant at a certain age of the child.

The latent factor structure was based on a previous GenR study on 6-to-8 year old 
children,6 as well as on models validated in other cohorts8,11,12. We performed several 
additional analyses for further validation and characterization. First, we tested models 
without a general psychopathology factor (Table S2) and observed a substantial de-
crease of fit. However, we present association results from a three-factor model (in-
ternalizing, externalizing and attention) without the general psychopathology factor as 
comparison. Second, we explored four models with IQ at age 6, temperament (negative 
affectivity, surgency, and effortful control measured at age 6), school performance at 
the end of primary school and happiness as predictors of the psychopathology factors. 
We previously had associated the IQ and temperament variables with general and spe-
cific psychopathology factors in younger children6. As IQ and temperament showed 
discriminate associations, they can therefore help interpret the latent psychopathology 
factors. Third, we performed sensitivity analyses adjusted for total intracranial volume, 
as larger volume is associated with higher FA (e.g. through partial volume effects) and 
thus could confound global white matter associations.38 As there is no consensus in the 
field as to the utility of adjusting DTI scalar metrics for intracranial volume, we present 
these results as sensitivity analyses.

The global white matter microstructure factor
The global white matter microstructure factor was estimated using the mean FA 

values of 12 white matter tracts as indicators (Table S3). FA describes how elongated 
the ellipsoid shape of a diffusion pattern is, with higher values suggesting higher white 
matter integrity (referred to as higher white matter microstructure in this paper). This 
model was based on previous studies using GenR data.15,30 We included the corticospi-
nal tract, inferior longitudinal fasciculus, superior longitudinal fasciculus and uncinate 
fasciculus of each hemisphere separately in the model. While FA it is good summary 
measure of white matter microstructure, it can be also helpful to examine diffusivity 
only perpendicular to the main axis of diffusion (RD) or only alongside it (AD). Higher 
RD and lower AD are associated with less white matter microstructure. Thus, to better 
understand results from the FA model, we also estimated global white matter variables 
based on RD, AD, as well as MD (the average diffusivity in any direction)

Structural Paths
The general and specific psychopathology factors were each simultaneously re-

gressed on the global white matter factor based on FA values to test the associations 
between white matter microstructure and psychopathology. Figure 1 illustrates the 
main model, the only model used to test the main hypothesis. All other statistical mod-
els were used for exploratory purposes to better interpret the results of the main mod-
el. We adjusted all models for several potential confounders in the model, namely sex, 
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age at scan, assessment age, maternal and paternal education at age 6, income at age 
6, and genetic ancestry. All subsequent coefficients are reported as standardized esti-
mates. Since IQ is related to global white matter microstructure,15 we explored whether 
associations were specific to psychopathology by including child IQ as a covariate. Addi-
tionally, we controlled for maternal/paternal psychopathology (interpersonal sensitiv-
ity, depression, anxiety and hostility) to explore to what extent the association is inde-
pendent of parental characteristics and also to control for potentially remaining rater 
bias as parents completed several psychopathology measures. We tested for non-linear 
associations, by fitting a standard regression model with estimated factor scores analo-
gous to the structural paths of the main model, but with the addition of a squared term 
for the global white matter factor score. We reran the main model with global white 
matter factor based on MD, RD and AD. P-values were adjusted for multiple testing of 
four outcomes using false discovery rate (FDR).

Follow-up Analyses
We ran follow-up analyses to investigate the individual contribution of each individ-

ual white matter tract by replacing the latent variable global white matter microstruc-
ture with the observed FA of a single tract. These follow up analyses had two goals: 1. 
to test which tracts underlie any observed association with global white matter micro-
structure and 2. to increase comparability with studies reporting single tract associa-
tions. In these exploratory follow-up analyses we computed FDR adjusted p-values for 
12 tracts per 4 outcomes (48 tests).

In follow-up analyses, we tested individual voxels (nvoxels=9272) in a TBSS analysis 
for outcomes associated with global FA values. In these follow-up analyses to the global 
white matter models, we performed TBSS analyses for outcomes associated with global 
FA values. We present results for other DTI scalar metrics on a voxel-wise level, if the 
scalar was significant on a global level. TBSS was performed in FSL39 using a 2mm3 
resolution. Adjustment for multiple testing was achieved with permutation testing 
(nperm=5000) and clusters were formed using the built-in threshold-free cluster en-
hancement.40 As FSL does not support latent variables, we estimated psychopathology 
factor scores based on the main model and adjusted for the same covariates as in the 
main model. 

Measurement invariance
The main analyses are based on the assumption that the latent constructs and asso-

ciations between them are identical across sex, ancestry (European vs non-European) 
and socioeconomic status. We tested this assumption by performing measurement in-
variance analyses of the main model. To this aim we sequentially constrained an increas-
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nobs %

Sex 3030

Girls 1528 50.4

Household income 2541

<2800€ 835 32.9

2800-4800€ 1079 42.5

>4800€ 627 24.7

Maternal education 2659

No or Primary 86 3.2

Secondary 908 34.1

Higher 1665 62.6

Paternal education 2456

No or Primary 109 4.4

Secondary 833 33.9

Higher 1514 61.6

Genetic ancestry 1889

Northwestern European 1136 60.1

Child IQ nobs mean (SD)

Score 2640 103.3 (14.8)

Table 1: Demographics of analysis sample (n=3,030)

nobs observed sample size, SD standard deviation
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ing number of parameters. Constraints were judged to significantly worsen fit when the 
robust CFI dropped by more than 0.01.41 See Table S8-S10 for models tested.42,43

RESULTS

Latent variable loadings
The FA score of all white matter tracts loaded on global white matter microstruc-

ture. Loadings ranged from 0.41 (cingulum bundle) to 0.74 (Superior longitudinal fascic-
ulus) (Table S3). Differences in loadings between left and right hemispheres were small, 
thus both hemispheres contributed about equally to the global white matter construct.

All problem subscales had statistically significant loadings on the general psycho-
pathology factor. Most loadings were moderate to high, in the range of .30 to .70, but 
some teacher and child self-report loadings at age 6-7 were below .20, see Table S1. The 
general psychopathology factor model fitted better than the models without the gen-
eral factor (Table S2). The loadings of the observed problem subscales on the specific 
factors tended to be lower than on the general factor.

IQ, school performance, temperament and happiness
Children with a higher IQ had lower general psychopathology levels (β=-0.12, 

SE=0.02, p<0.01) and less specific attention problems (β=-0.15, SE=0.02, p<0.01), but 
not more or less specific externalizing and internalizing problems (Table 2). Those who 
performed well at school had lower general psychopathology levels (β=-0.12, SE=0.02, 
p<0.01), less specific externalizing problems (β=-0.06, SE=0.03, p=0.02) and less specific 
attention problems (β=-0.31, SE=0.02, p<0.01). Children who scored high on negative 
affectivity had particularly high levels of the general psychopathology factor (β=+0.40, 
SE=0.02, p<0.01). Associations of the negative affectivity score with the specific psycho-
pathology factors were much weaker. A different pattern of associations was observed 
for surgency. Children with higher levels of surgency had lower specific internalizing lev-
els (β=-0.50, SE=0.02, p<0.01) and higher specific externalizing levels (β=+0.20, SE=0.02, 
p<0.01). Associations of effortful control with all factors were weak. Happier children 
had lower levels of general psychopathology (β=-0.23, SE=0.02, p<0.01), lower levels 
of specific externalizing levels (β=-0.12, SE=0.02, p<0.01), and lower levels of specific 
internalizing levels (β=-0.15, SE=0.03, p<0.01).

Psychopathology factors associations with white matter microstructure
Table 3 summarizes the results of the global white matter microstructure analyses. 

In the three-factor model, which did not include the general factor, no associations 
between white matter microstructure and the traditionally defined psychopathology 
domains (externalizing, internalizing and attention) were found. Next we included the 
general psychopathology factor in the model. A 1-SD increase of the global white matter 
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factor was associated with a β=-0.07SD (SE=0.02, p<0.01, q<0.01) decrease in general 
psychopathology. In contrast, a 1-SD increase of white matter microstructure predicted 
an increase of β=+0.07SD (SE=0.03, p=0.01, q=0.02) specific externalizing factor levels. 
Follow-up analyses showed that this association appears to be more driven by radial dif-
fusivity (β=-0.07SD, SE=0.03, p=0.01, q=0.04), as opposed to axial diffusivity (β=-0.02SD, 
SE=0.03, p=0.39, q=0.39). Thus, while children with more general psychopathology had 
lower global white matter microstructure, children with a higher specific externalizing 
factor had more white matter microstructure. See Figure S2, for scatter plots based on 
estimated factor scores. Quadratic terms of the global white matter factor scores were 
not significant for any of the psychopathology factors (Table S4). These associations 
were largely independent of child IQ, parental psychopathology and total intracranial 

Fractional anisotropy and 
General Psychopathology

Fractional anisotropy and 
Specific Externalizing 

Mean Diffusivity and
Specific Externalizing 

Radial Diffusivity and
Specific Externalizing 

Negative association 

Positive association 

Mean FA skeleton
(statistical search area)

Figure 2: Results of the TBSS analysis (n=2,996). Voxels in the mean FA skeleton (in yellow) were 
associated with the general psychopathology and specific externalizing factor, using the scalars 
fractional anisotropy, mean diffusivity and radial diffusivity; these analyses were adjusted for 
sex, age at scan, maternal and paternal education, household income and genetic ancestry. Vox-
els with significant p-values after multiple testing correction were coded as blue, if the direction 
was negative, and red, if the direction was positive.



171White matter & general psychopathology

III

volume for both the general factor (β=-0.06, SE=0.02, p<0.01) and the externalizing fac-
tor (β=+0.07, SE=0.03, p<0.01), see Table S5 for estimates of all covariates.

The individual white matter tracts were negatively associated with the general psy-
chopathology factor, with the exception of the cingulum bundle, and positively with the 
specific externalizing factor. The magnitude of associations were mostly of lower magni-
tude than those of the global white matter factor. The forceps minor and right superior 
longitudinal fasciculus were associated with general psychopathology after adjustment 
for false disovery rate. Only the relation of the corticospinal tract with the specific ex-
ternalizing factor survived correction for multiple testing.

The latent variable models suggest that a global white matter factor based on the 
FA scalar is negatively associated with the general psychopathology factor and posi-
tively with the specific externalizing factor. We therefore explored these two findings 
further by testing at the voxel level in a TBSS analysis across 9272 voxels of a study-spe-
cific white matter skeleton. The results from the voxel-wise analyses were consistent 
with the global white matter models. For general psychopathology, 1548 (17%) voxels 
showed a negative association and 0 (0%) a positive when accounting for multiple test-
ing. We found that 85.9% of these voxels formed a single continuous clusters, which was 
spread across the whole brain (Supplementary Table 6 and Figure 2). It is therefore not 
possible to define this cluster by specific brain regions, though we observed that voxels 
were especially represented in the left Inferior longitudinal fasciculus and left cortico-
spinal tract (Table S7). For the specific externalizing factor, 4842 (52%) voxels showed 
a positive association and 0 (0%) a negative. Because the global white matter factor 
was also associated with the specific externalizing factor when the structural equation 
models were based on MD and RD, we tested these scalars in TBSS analyses as well. MD 
values were significant for 5149 (56%) voxels and RD for 6282 (68%) with all associations 
being in the negative direction and 0 (0%) positive. Among the defined regions, the for-
ceps minor contained the most associated voxels (Table S7). Depending on the scalar, 
97.0% (FA), 99.9% (MD) or 99.7% (RD) of significant voxels formed a single continuous 
cluster. As with the general psychopathology factor, the cluster was also spread across 
the whole brain and the global nature was very pronounced (Table S6 and Figure 2).

Measurement invariance
The multi-group analyses showed that the global white matter, general and specific 

psychopathology constructs did not differ by ancestry (Table S8), sex (Table 9) (strong 
measurement invariance) or socioeconomic status (Table 10) (strict measurement in-
variance). We also found no evidence that the associations between white matter and 
psychopathology factors depended on ancestry, sex or socioeconomic status (relation-
al invariance), i.e. we did not detect interactions in any of the regression parameters. 
The association between global white matter and general psychopathology was more 
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than twice as strong in boys (β=-0.11, SE=0.03, p<0.01) than in girls (β=-0.04, SE=0.03, 
p=0.17), but the difference was not significant (z test: p=0.14).

DISCUSSION

Despite the large sample size of GenR, we did not find associations of white matter 
microstructure with traditional definitions of externalizing, internalizing and attention 
latent constructs. However, this changed when taking into account the general psycho-
pathology factor: children with a lower global white matter microstructure had higher 
levels of general psychopathology. In contrast, more global white matter microstruc-
ture was associated with higher levels of the specific externalizing factor. Our finding 
were not driven by a single white matter tract, but by white matter differences across 
the brain. Further adjustment for child non-verbal IQ lead to a relatively small reduction 
of effect size, suggesting that most of the association with psychopathology cannot be 
explained by IQ. 

At age 10 years, the development of many white matter tracts, such as projections 
of the prefrontal cortex, is still ongoing.44,45 An altered maturation of white matter mi-
crostructure, both delayed or accelerated, at this age might thus be responsible for 
various psychological problems, ranging from cognitive to behavioral and emotional 
problems. As we previously reported, lower global white matter microstructure was as-
sociated with lower cognition in childhood,15 and global white matter values were neg-
atively associated with depression.19 White matter microstructure is highly heritable, 
especially in younger ages, with heritability estimates in adolescence exceeding those 
of adulthood.46 Genetic variants underlying psychopathology potentially influence 
psychiatric problems by altering white matter microstructure. However, differences in 
white matter are not only genetically driven. For instance, children in foster care and 
children who remained institutionalized show differences in microstructure, suggesting 
environmental effects.47 White matter microstructure most likely is also a marker for 
developmental and environmental adversities that underlie psychological problems, or 
white matter may even mediate these environmental risk effects. The findings implicate 
that children with a psychiatric problem in one domain, not only are more likely to have 
psychological problems in another, but are also more likely to have lower white matter 
microstructure. This suggests that whether a child presents aggressive behavior, atten-
tion problems or anxiety, it is not only important to consider psychiatric problems in all 
domains, but also address other white matter microstructure associated traits, such as 
cognitive ability. Conversely, prevention of mental health problems and promotion of 
healthy brain development are expected to have very broad impacts on functioning in 
many areas.

The negative association of global white matter microstructure with general psycho-
pathology supports the notion that lower white matter microstructure is a marker for 
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poorer mental health and IQ. However, this is not necessarily the case for all disorders 
and characteristics. Higher dorsal white matter microstructure (“where pathway”) is 
associated with more visuospatial deficits in Williams syndrome,48 and developmen-
tal increases of FA were associated with lower IQ levels depending on sex and brain 
region.49 Furthermore, ADHD is inconsistently associated with higher white matter mi-
crostructure in some regions.17At first glance the contrasting positive association with 
the specific externalizing factor suggests that higher white matter microstructure is 
unexpectedly a specific risk factor for aggressive and rule-breaking behavior in child-
hood. However, it should be emphasized that the interpretation of the specific factor is 
different from traditional internalizing/externalizing factors or broadband scales, which 
were not associated with white matter microstructure. The specific factors represent 
the variance which is not shared with any other problem domains. Compared to the tra-
ditional externalizing factor, the specific externalizing factor was much less associated 
with problematic characteristics, such as lower IQ, worse school performance, higher 
neuroticism or less happiness. In contrast, both the traditional and specific externalizing 
factor were associated with surgency, i.e. positive affect reactivity, to the same degree. 
These changes in associations may suggest, that when accounting for general psycho-
pathology, which can be regarded as the extent of problematic behavior, the remaining 
externalizing factor represents behavior, which is not as problematic, such as assertive 
behavior. In other words, for a child who only displays aggressive or rule-breaking be-
havior, but otherwise low levels of depression and anxiety, and an absence of attention 
problems, the externalizing behavior may be more a reflection of personality rather 
than psychopathology.

We interpret the associations between white matter microstructure and the psy-
chopathology factors as not-regionally specific based on following observations. First, 
the associations of the global white matter variable were either stronger or at least as 
strong as any individual tract. This would not be the case if the results were driven by 
few specific tracts. Second, the direction of the association of the individual tracts with 
overall or specific psychopathology were consistently that of the global white matter in-
dicator, except for the cingulum bundle. Third, likewise, in the voxel-wise TBSS analyses, 
all individual voxels were associated with the general psychopathology or the specific 
externalizing factor in the direction predicted by the global model. While some regions 
contained more voxels associated with the general psychopathology factor than others, 
e.g. left inferior longitudinal fasciculus and left corticospinal tract (general psychopa-
thology) and forceps minor (specific externalizing), nearly all voxels formed a single con-
tinuous cluster. This cluster is spread across the whole brain and could not be defined 
by specific regions. 

Few neurobiological studies so far have attempted to distinguish general and specif-
ic effects of psychopathological dimensions. Traditional analyses, which rely on symp-
tom counts or diagnoses of internalizing or externalizing problems, typically only es-
timate the overall association with a single domain. In these studies, it is difficult to 



174 Chapter III.E

disentangle to what extent the association applies to other psychological domains and 
to what extent it is specific to the studied domain. The observation that associations are 
only present when partitioning psychopathology into general and specific effects high-
lights the usefulness of bifactor models, arguably justifying the increase of functional 
complexity.50 

A strength of our study is the stringent adjustment for many potential socioeco-
nomic confounders. However, as with any observational study, residual confounding 
cannot be ruled out, making a causal interpretation of the associations difficult. Anoth-
er challenge to the causal interpretation of our findings is that directionality cannot be 
established with this study. We assumed in our statistical model that white matter mi-
crostructure changes underlie the development of psychopathology. To maximize pre-
cision and reduce biases of psychopathology factors we incorporated two study waves 
in the estimation of these factors. However, since imaging was performed during the 
second wave and we did not investigate changes of psychopathology, we could not test 
for directionality of effects. It is theoretically plausible that changes in white matter 
structure are either cause or outcome of psychological problems, or both. Irrespective 
of the direction, the effect sizes of the global white matter factors were modest, inde-
pendently explaining less than 1% of the psychopathology factor variances. This may 
reflect the difficulty in reliably estimating childhood psychopathology. It should be not-
ed, however, that none of the other tested predictors particularly stood out in terms in 
explanatory power, when carefully controlled for the same variables. This suggest that 
a multitude of factors are needed, if one wishes to reliably predict levels of psychopa-
thology in the general population.

In summary, global white matter microstructure was associated with lower gener-
al psychopathology in school-aged children. At the same time, higher microstructure 
was also associated with a higher risk for specific externalizing behavior, perhaps better 
characterized as another trait, e.g. assertiveness. Both associations were independent 
of socioeconomic status and IQ of the child. This study highlights the importance of dis-
tinguishing global measures form specific features for both neurobiological substrates 
as well as psychiatric symptoms. Pediatric brain imaging studies must carefully control 
for general psychopathology or psychiatric comorbidity to reliably detect any specif-
ic white matter microstructural associations. The global effects identified in childhood 
emphasize the need for early prevention and promotion of brain and mental health. 
Further studies are needed to replicate these findings and to investigate the temporal 
direction of association.
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SUPPLEMENTARY METHODS

Participants
This study was embedded in the Generation R Study.1,2 Generation R is a popula-

tion-based birth cohort with the goal of identifying early environmental and genetic 
determinants of development and child health. All parents gave informed consent for 
their children’s participation. The Generation R Study is conducted in accordance with 
the World Medical Association Declaration of Helsinki and study protocols have been 
approved by the Medical Ethics Committee of the Erasmus Medical Center, Rotterdam.

We performed MRI scans in 3996 children. White matter microstructure information 
from diffusion tensor imaging was available in 3669 children without dental braces.3 
405 scans failed automatic or manual quality control. Incidental findings were present 
for 13 children, we thus did not include them in the present analyses. Early in the data 
acquisition, 201 children were scanned with an older MRI software version and slightly 
different sequence parameters which yielded systematically different diffusion values, 
and were therefore excluded from analyses. At least one psychological problem sub-
scale was available for 3030 children. All results are based on this sample of 3030 chil-
dren, except for the results of the tract-based spatial statistics (TBSS) analysis (n=2996). 
Additional quality control excluded 47 children, because parts of the brain were not in 
the field of view of the scan (usually the lower portion of the cerebellum or the very top 
of the head) and a further 7 were excluded due to misregistration. See Supplementary 
Figure 1 for participant flow chart. Demographic and descriptive statistics can be found 
in Table 1.

MEASURES

Child psychological problems assessed by parents
We used the Child Behavior Checklist (CBCL) 1 ½ -5 years4 to assess child behavioral 

problems at age 5.9 years (SD=0.3) and the CBCL 6-185 at age 9.7 years (SD=0.3). At the 
age of 6 years, questionnaires were completed by the primary caregiver (92% moth-
ers). At age 10 years, the questionnaire was filled in by mother and father each, who 
indicated for a wide array of statements, whether they were not true (0), somewhat/
sometimes true (1) or very/often true (2). The item scores were then summed into sev-
eral subscales. The CBCL 1 ½-5 includes the subscales: Emotionally Reactive, Anxious/
Depressed, Somatic Complaints, Withdrawn, Sleep Problems, Attention Problems, Ag-
gressive Behavior; and a sum score of other items. The CBCL 6-18 includes the sub-
scales: Anxious Depressed, Withdrawn Depressed, Somatic Problems, Social Problems, 
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Thought Problems, Attention, Rule-breaking, Aggression and again a sum score of other 
items.

Child psychological problems assessed by teachers
Teachers assessed children at age 6.5 (SD=1.1) with the Teacher’s Rating Form (TRF) 

6-18 years.5 They were approached independently of the parents, but with parental 
consent. The TRF is scored like the CBCL 6-18 and includes the same subscales, but lacks 
a sum score of other items.

Child psychological problems assessed by children
At age 6.0 (SD=0.4) we conducted the Berkeley Puppet Interview (BPI),6 a semi-struc-

tured interactive child interview, at our research center. The interview is performed 
with two identical dog hand puppets. The two puppets made opposing statements and 
the child chose the statement that described him/her best. Scoring was performed 
using video recordings with high intercoder reliability (average ICC=[0.96-0.98]).7 Six 
subscales were calculated: Depression, Separation Anxiety, Overanxious, Oppositional 
Defiant, Overt Hostility, and Conduct Problems.

At age 9.8 (SD=0.3) years the children rated their problems with the Brief Problem 
Monitor (BPM).8 This questionnaire uses items of the CBCL and TRF but is shorter and 
has only 3 subscales: internalizing, externalizing and attention problems. We also added 
questions related to thought problems, modeled after the CBCL and TRF items. The 
items for thought problems scores were: “I cannot put some thoughts out of my head”, 
“I hear sounds or voices that other people do not”, “I see things that other people think 
they are not there”, “I save too many things that I do not need”, “I have thoughts that 
other people find strange”, “I have thoughts about hurting myself”.

Imaging
Children underwent diffusion tensor imaging at age 10.1 (SD=0.6) years. They were 

first familiarized with the MRI-environment in a mock scanning session. MRI scans were 
performed using a 3T General Electric scanner (MR750W) with an 8-channel receive-on-
ly head coil. Diffusion tensor imaging consisted of a 35-direction echo planar imaging 
sequence (TR=12,500ms, TE=72ms, FoV=240mm*240mm, acquisition matrix=120*120, 
slice thickness=2mm, number of slices = 65, Asset Acceleration Factor = 2, b=900s/
mm2, 3 b=0 images). In addition, high-resolution T1-weighted sequences, specifically 
IR-prepared Fast Spoiled Gradient Recalled Sequences with the GE option BRAVO (TR 
=8.77ms, TE =3.4ms, TI =600ms, Flip Angle=10°, FOV = 220mm x 220mm, Acquisition 
Matrix = 220 x 220, slice thickness = 1mm, number of slices = 230, voxel size = 1mm x 
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1mm x 1mm, ARC Acceleration = 2.) were performed and used for estimation of intra-
cranial volume.

We used the functional MRI of the Brain’s Software Library (FSL 5.0.99) together 
with the Camino Diffusion Toolkit10 for pre-processing of the diffusion tensor images. 
The following preprocessing steps were applied: adjustment for eddy current-induced 
artifacts, translation/rotations resulting from minor head motion, and removal of non-
brain tissue. The diffusion gradient direction table was rotated with the transformation 
matrix from the eddy current correction step. We computed fractional anisotropy (FA), 
mean diffusivity (MD), radial diffusivity (RD), and axial diffusivity (AD) using the RESTORE 
method11, as previously described.12

Connectivity distributions for 12, large well-defined and widely reported fiber bun-
dles were derived with probabilistic fiber tractography using the FSL plugin AutoPtx13, as 
described previously.12 The first step involved the estimation of diffusion values per vox-
el, accounting for two fiber orientations.14 AutoPtx provided a predefined set of seed 
and target masks, which were aligned to each participant in native space using a nonlin-
ear registration. Based on this information, Probtrackx determined connectivity distri-
butions for 12 large fiber bundles. The values were normalized based on the number of 
successful seed-to-target attempts. The FA values per voxel were weighted depending 
on the connectivity distribution, ensuring that voxels most likely to be part of a bundle 
also contribute the most to the overall connectivity of the bundle.15 Total intracranial 
volume was estimated using FreeSurfer 6.0.16

Image Quality assessments consisted of automatic and manual checks. DTIPrep 
(https://www.nitrc.org/projects/dtiprep/) was used to detect artifacts by examining 
slicewise variation in signal intensity and by visual inspection of the sum-of-squares 
error (SSE) map from the diffusion tensor. Scans were excluded based on the default 
settings from the automatic procedure (n=257) and when they contained substantial 
artifact in the SSE map based on a 0-3 scale from “none” to “severe” (n=140). Further-
more, registration accuracy to standard space and accuracy of the tract reconstructions 
were visually inspected.12

 For TBSS analyses the DTI images were registered to a study-specific and age-appro-
priate template space17 using FNIRT18. Specifically, the FSL FMRIB58 template image was 
used by warping to our study-specific template, which was based on 130 children with-
out behavioral problems and excellent T1-weighted images. FA data were non-linearly 
aligned with this FA template using FNIRT with spline interpolation. Afterwards, the 
warp fields from the FA map were applied to the MD, RD and AD maps. The thresholded 
(>0.2) mean FA image was used to create a mean FA skeleton. Finally, the voxel level 
scalars of each participant were projected onto this common skeleton and associat-
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ed with the psychopathology outcomes. Proper registration and whole-brain coverage 
were visually inspected.”

Measures of IQ, school performance, temperament, happiness and parental 
psychopathology

We assessed non-verbal cognitive abilities with the Snijder-Oomen nonverbal intel-
ligence test at age 6.0 (SD=0.4).19 At the same age we also measured temperamental 
dimensions (negative affectivity, surgency/extraversion, and effortful control) with the 
Child Behavior Questionnaire (Very-Short-Form), a parent-rated questionnaire.20 School 
performance was assessed by the Cito21, a standardized exam at the end of primary 
school in which language and math skills are tested. Happiness was measured by asking 
the parents at age 10: “How often was your child happy in the past 4 weeks?”, who 
could answer “never”, “almost never”, “sometimes”, “usually” or “always”. Maternal 
and paternal psychopathology were assessed at child age 10 with the Brief Symptom 
Inventory with four problem subscales: interpersonal sensitivity, depression, anxiety 
and hostility.22 Household income and highest achieved education of mother and father 
were assessed with questionnaires and treated as continuous measures in the analyses 
at birth and age 6.

Genetic Ancestry
Brain features may differ across ethnicities due to differential exposures. At the 

same time these exposures may independently affect psychopathology and create a 
confounding bias. This bias can be adjusted for with categorical information on national 
origin or genetic information on ancestry. Genetic ancestry was more strongly associ-
ated with white matter structure, suggesting that this is a better marker for differential 
exposures in the ethnic groups. We therefore decided to control for continuous scores 
of genetic ancestry in our models.

	  Genetic ancestry was based on single nucleotide polymorphisms (SNP).23 

518,245 SNPs were measured with Illumina 610K/660W arrays. Quality control included 
sample (≥97.5%) and SNP call rates (≥95%), minor allele frequency ≥1% and deviations 
from Hardy-Weinberg equilibrium (p<10-7). Four principal components of ancestry 
(PCA) were derived from multidimensional scaling (n=5731). Participants exceeding 4 
SDs difference with the mean European reference level (HapMap CEU) on any of the 
first four principal components were classified as non-northwestern European (n=760), 
as opposed to northwestern European (n=1137). No genetic information was available 
for 1145 (38%) children.

Statistical Analysis
We used a structural equation model to associate global white matter microstruc-

ture with general and specific factors of psychopathology. See Figure 1 for an ab-
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breviated path diagram. All models were fitted in R 3.4.124 with the package Lavaan 
0.5-23.11097.25 We used a maximum likelihood estimator with robust standard errors 
(MLM) to account for multivariate non-normality. Family structure was adjusted for us-
ing a stratified cluster approach in the package lavaan.survey 1.1.3.126, specifically with 
zygosity (monozygotic, dizygotic, non-twin) as stratification variable and family ID as 
cluster variable. Latent variables were scaled with a marker variable (scale of the first 
indicator). All subsequent coefficients are reported as standardized estimates. Miss-
ing variables were handled with multiple imputations using mice 2.30.27 All variables 
featured in the analysis models, plus squared and orthogonalized (from the original 
variable) white matter microstructure tracts, paternal education/household income at 
birth, maternal IQ, national origin, and principal components of ancestry 5-20, were 
considered in the imputation model as predictors. In the analysis sample every partici-
pant had valid DTI images and complete information on at least three psychopathology 
subscales. All participants had complete information on sex, zygosity, MRI scan age and 
most tracts, except for the corticospinal tract (two missing) and right cingulum bundle 
(one missing). All other variables used in the analyses and imputation model had various 
degrees of missingness (see Table 1, 2 and Supplementary Table 1, 3) and missing data 
for these variables were imputed. We filtered for only robust predictor-target pairs with 
a minimum spearman correlation of 0.05 using the quickpred() function. We estimated 
120 imputations with 30 iterations.

The general psychopathology factor
The general psychopathology factor was specified to underlie all problem subscales 

from all instruments and time-points. The subscales were also specified to load on one 
of the specific internalizing, the specific externalizing, or the specific attention scales 
defined on the basis of the assessment scales. The attention subscales from each in-
formant, for example, loaded on the general as well as specific attention factor. A few 
subscales did not have paths to any specific factor (See Supplementary Table 1 for the 
item structure), since the assessment scales did not group them into any higher order 
domains. Each specific psychopathology factor was allowed to correlate among each 
other, but not with the general psychopathology factor. The specific factors thus repre-
sent covariance among subscales that cannot be explained by a general propensity for 
psychiatric problems. As such the specific factors differ from the observed broadband 
scales. The observed domain scores correlate positively, but the specific factors do not 
correlate positively because the shared variance is already captured by the general fac-
tor. The higher order structure of the tested model can be seen as an extension of 
the instruments’ established factor structure which instructed the computation of the 
subscales.

In addition, we included method factors. All psychopathology subscales of a single 
informant at a specific assessment age load on one method factor. The subscales of the 
CBCL 6-18 rated by the mother at age 10 years, for example, load on one method factor. 



184 Chapter III.E

These method factors capture the shared variance among problem subscales, which is 
unique to a certain context, (i.e. to an informant at a certain age of the child). These fac-
tors were therefore specified to be uncorrelated to all other factors. We chose to model 
this shared method variance explicitly, because it is specific to a certain rating context.

The latent factor structure was based on the best fitting model in a previous study 
using Generation R data on 6-8 years old children,28 as well as on models validated in 
other cohorts in adolescents and adults.29–31 However, we performed several additional 
analyses for further validation and characterization. First, we tested models without a 
general psychopathology factor. We fitted a model with 2 (internalizing and externaliz-
ing) and with 3 factors (internalizing, externalizing and attention). In the 2 factor model 
attention subscales were specified to load on the externalizing factor, whereas in the 3 
factor model attention was specified to load on a separate attention factor. The 3 factor 
model fit substantially better (see Supplementary Table 2) based on robust CFI, RMSEA 
and BIC. We thus used 3 specific factors in the main general psychopathology factor 
model, however, we also present association results from the 3 factor model without 
the main general psychopathology factor as comparison.

Second, we explored four models with, in order, IQ and temperament (negative af-
fectivity, surgency, and effortful control) measured at age 6, school performance at the 
end of primary school and happiness as predictors of the psychopathology factors. We 
previously had associated the IQ and temperament variables with general and specific 
psychopathology factors in younger children.28 As IQ and temperament showed dis-
criminate associations, they can therefore help interpret the latent psychopathology 
factors. Third, we performed sensitivity analyses adjusted for total intracranial volume, 
as larger volume is associated with higher FA and thus could confound global white 
matter associations.32 

The global white matter microstructure factor
The global white matter microstructure factor was estimated using the mean FA val-

ues of 12 white matter tracts as indicators (Supplementary Table 3). FA describes how 
elongated the ellipsoid shape of a diffusion pattern is, with higher values suggesting 
higher white matter integrity (from here on referred to as higher white matter micro-
structure). This model was based on a previous studies using Generation R data.12,15 
We included corticospinal, inferior longitudinal fasciculus, superior longitudinal fascic-
ulus and uncinate fasciculus tracts of each hemisphere separately in the model. The 
error terms of each tract were allowed to correlate between both hemispheres. The 
hemisphere division is not applicable for the forceps major and minor tracts that cross 
hemispheres. We tested for non-linear associations in the main model, by estimating 
a standard regression model analogous to the strucutural paths with estimated factor 
score, but with the addition of a squared term for the global white matter factor score. 
While FA it is good summary measure of white matter microstructure, it can be also 
helpful to examine diffusivity only perpendicular to the main axis of diffusion (RD) or 
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only alongside it (AD). Higher RD and lower AD are associated with less white matter mi-
crostrucutre. Thus, to better understand results from the FA model, we also estimated 
global white matter variables based on RD, AD, as well as MD (the average diffusivity in 
any direction).

Structural Paths
The general and specific psychopathology factors were each simultaneously re-

gressed on the global white matter factor based on FA values to test the associations 
between white matter microstructure and psychopathology. Figure 1 illustrates the 
main model, the only model used to test the hypothesis. All other statistical models 
were used for exploratory purposes to better interpret the results of the main model. 
Since IQ is related to global white matter microstructure,15 we explored whether associ-
ations were specific to psychopathology by including child IQ as a covariate in a separate 
model. Secondly, we controlled for maternal/paternal psychopathology (interpersonal 
sensitivity, depression, anxiety and hostility) to explore to what extent the association 
is independent of parental characteristics and also to control for potentially remaining 
rater bias as parents completed several psychopathology measures. We reran the main 
model with global white matter factor based on MD, RD and AD.

We included several potential confounders in all models, namely sex, age at scan, 
maternal and paternal education at age 6, income at age 6, and genetic ancestry. Paths 
from these covariates to the latent variable global white matter microstructure, general 
and specific psychopathology factors were included to adjust for confounding biases. 
Age at psychopathology assessment was adjusted by including assessment age as co-
variates of the corresponding psychopathology subscales.

IQ and parental psychopathology
Since IQ was related to global white matter microstructure,15 we explored whether 

associations were specific to psychopathology by including child IQ as a covariate. Sec-
ondly, we controlled for maternal/paternal psychopathology (interpersonal sensitivity, 
depression, anxiety and hostility) to explore to what extent the association is indepen-
dent of parental characteristics and thus control for potentially remaining rater bias 
caused by half of the psychopathology measures being informed by parents. 

Follow-up Analyses
After testing the global white matter factor, we ran follow up analyses to investigate 

the individual contribution of each individual white matter tract. In each model the 
latent variable global white matter microstructure was replaced with the observed FA 
of a single tract. These follow up analyses had two goals: 1. to confirm that most tracks 
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behave similarly as suggested by the latent global variable and 2. to increase compara-
bility with studies reporting single track associations.

Additionally we tested individual voxels (nvoxels=9272) in a TBSS analysis to further 
explore the results from the main analysis. In these follow-up analyses to the global 
white matter models, we performed TBSS analyses for outcomes associated with global 
FA values. We present results for other DTI scalar metrics on a voxel-wise level, if the 
scalar was significant on a global level. TBSS was performed in FSL 9 using a 2mm3 
resolution. Adjustment for multiple testing was achieved with permutation testing 
(nperm=5000) and clusters were formed using the built-in threshold-free cluster en-
hancement 33. As FSL does not support latent variables, we estimated psychopathology 
factor scores based on the main model and adjusted for the same covariates as in the 
main model.

Measurement Invariance
Generation R is a highly ethnically diverse sample. The main analyses are based on 

the assumption that the latent constructs and associations between them are identi-
cal across sex, ancestry (European vs non-European) and socioeconomic status (higher 
maternal education vs no higher maternal education). We tested this assumption by 
performing measurement invariance analyses of the main model. To this aim we se-
quentially constrained an increasing number of parameters. Constraints were judged 
to significantly worsen fit when the robust CFI dropped by more than 0.01.34 See Sup-
plementary Table 8-10 for models tested.35,36 The genetic ancestry invariance models 
featured 1136 children with northwestern European ancestry and 758 children with 
other ancestry. The sex invariance analyses featured 1510 boys and 1529 girls. The 
socioeconomic status invariance analyses included 1665 children of mothers with 
higher education and 994 children of mothers without. The analyses suggest strong 
measurement and relational invariance across European and non-European ancestry 
(Supplementary Table 8), as well as across girls and boys (Supplementary Table 9) and 
socioeconomic status (Supplementary Table 10), suggesting that loadings, intercepts 
and regression coefficients are similar across groups. The association between global 
white matter and general psychopathology was more than twice as strong in boys (β=-
0.11, SE=0.03, p<0.01) than in girls (β=-0.04, SE=0.03, p=0.17), but the difference was 
not significant (z test: p=0.14). Constraining the models further to have equal residual 
variance between the ancestry groups or sex led to a significant worsening of fit, sug-
gesting that the amount of unexplained variance differs in both groups. In other words, 
the included psychopathology subscales show a different amount of variation between 
groups, which could not be explained by the tested variables. Boys have more or less 
unexplained variance than girls depending on the specific psychopathology subscale 
and children of European ancestry showed more residual variance than children with 
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other ancestries across all subscales. We did not find evidence that the residuals differ 
between socioeconomic status.

Non-response analysis
For 4974 children information on psychopathology was available, but no DTI scans. 

These children had higher amounts of maternally rated anxiety (2.26 vs 2.10, p=0.03), 
aggression (3.10 vs 2.70, p<0.01), and attention (3.44 vs 3.08, p<0.01). Furthermore, the 
percentage of household incomes below 2800€ was higher (43% vs 33%, p<0.01), as 
well as percentage of mothers with no higher education (48% vs 36%, p<0.01). Whether 
the relation between white matter microstructure and the psychopathology factors is 
differentially associated in the this group is unknown given that DTI information is miss-
ing and no proxy of sufficient quality are available for imputation. T-tests were comput-
ed with the BSDA 1.2.0 package.37
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Supplementary Figure 1: Participant flow chart
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Supplementary Figure 2: Scatter plots between global white matter microstructure and psy-
chopathology factors, based on estimates of factor scores (n=3,030)
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Model robust CFI BIC robust RMSEA

2-factor T.804 752891 .052 [.051, .053]

3-factor .829 750612 .049 [.048, .050]

General Factor .876 746645 .042 [.041, .043]

Table S 2: Model fit indices of models with and without the general psychopathology factor 
(n=3,030)

2-factor The 2-factor model contains internalizing and externalizing factors and no general factor
3-factor Same as 2-factor, but attention items load on a separate attention factor instead of on an exter-
nalizing factor
General Factor The general factor model is the same as the 3-factor, but contains a general psychopatholo-
gy factor. This is the main model used for hypothesis testing (see Methods).
robust CFI robust version of the Comparative Fit Index.
BIC Bayesian Information Criterion
robust RMSEA robust version of the Root Mean Square Error of Approximation. A 90% confidence interval 
is given.
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Tract FA values Hemisphere nobs Mean SD λ SE p

Cingulum bundle 
Left 3030 .42 .04 .46 .02 <.01

Right 3029 .37 .04 .41 .02 <.01

Corticospinal tract 
Left 3028 .54 .02 .49 .02 <.01

Right 3028 .53 .02 .50 .02 <.01

Forceps major - 3030 .57 .03 .42 .02 <.01

Forceps minor - 3030 .60 .03 .53 .02 <.01

Inferior longitudinal 
fasciculus 

Left 3030 .43 .02 .57 .02 <.01

Right 3030 .44 .02 .62 .01 <.01

Superior longitudinal 
fasciculus 

Left 3030 .40 .02 .68 .01 <.01

Right 3030 .40 .02 .74 .01 <.01

Uncinate fasciculus 
Left 3030 .39 .03 .46 .02 <.01

Right 3030 .40 .03 .57 .02 <.01

Table S 3: White matter tract descriptives and loadings on global white matter microstructure

SD standard deviation, λ standardized loading, SE standard error
nobs observed sample size of indicator, analysis n = 3,030
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Outcome Predictor β SE p

General 
Psychopathology Global FA -.06 .02 <.01

Sex (Female) -.11 .02 <.01

Age at scan .03 .02 .18

Paternal education -.06 .03 .03

Maternal education -.07 .03 <.01

Income -.09 .03 <.01

Ancestry Component 1 .00 .02 .85

Ancestry Component 2 .01 .02 .59

Ancestry Component 3 -.11 .02 <.01

Ancestry Component 4 -.04 .02 .04

IQ -.10 .02 <.01

Maternal interpersonal sensi-
tivity .19 .04 <.01

Maternal depression -.06 .04 .13

Maternal anxiety .11 .04 <.01

Maternal hostility .13 .04 <.01

Table S 5: Standardized path coefficients of covariates in IQ and parental psychopathology ad-
justed model
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Outcome Predictor β SE p

Paternal interpersonal sensi-
tivity .06 .04 .12

Paternal depression .05 .04 .22

Paternal anxiety .03 .03 .29

Paternal hostility .11 .03 <.01

Specific External-
izing Global FA .07 .03 <.01

Sex (Female) -.09 .02 <.01

Age at scan .00 .03 .99

Paternal education .03 .03 .31

Maternal education .09 .03 <.01

Income -.04 .03 .23

Ancestry Component 1 -.01 .03 .72

Ancestry Component 2 .03 .02 .27

Ancestry Component 3 .03 .02 .31

Ancestry Component 4 -.01 .02 .60

IQ -.05 .03 .03

Table S 5: (Continued)
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Outcome Predictor β SE p

Maternal interpersonal sensi-
tivity -.09 .04 .03

Maternal depression -.12 .05 <.01

Maternal anxiety -.04 .04 .39

Maternal hostility .19 .04 <.01

Paternal interpersonal sensi-
tivity .07 .04 .08

Paternal depression -.05 .04 .22

Paternal anxiety -.08 .04 .04

Paternal hostility .05 .03 .16

Specific Internal-
izing Global FA .02 .03 .47

Sex (Female) .27 .02 <.01

Age at scan .00 .03 .86

Paternal education .09 .03 <.01

Maternal education .02 .03 .59

Income -.09 .03 <.01

Ancestry Component 1 .02 .03 .55

Table S 5: (Continued)
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Outcome Predictor β SE p

Ancestry Component 2 -.07 .03 <.01

Ancestry Component 3 .10 .03 <.01

Ancestry Component 4 .01 .03 .83

IQ .03 .02 .29

Maternal interpersonal sensi-
tivity .03 .04 .49

Maternal depression -.04 .05 .41

Maternal anxiety .16 .05 <.01

Maternal hostility -.05 .04 .24

Paternal interpersonal sensi-
tivity .06 .04 .15

Paternal depression .08 .04 .08

Paternal anxiety .00 .04 .94

Paternal hostility .00 .04 .90

Specific Attention Global FA .01 .02 .60

Sex (Female) -.17 .02 <.01

Age at scan -.03 .02 .24

Table S 5: (Continued)
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Outcome Predictor β SE p

Paternal education -.05 .03 .10

Maternal education -.01 .03 .61

Income .00 .03 .93

Ancestry Component 1 .07 .02 <.01

Ancestry Component 2 .04 .02 .05

Ancestry Component 3 -.11 .02 <.01

Ancestry Component 4 -.03 .02 .11

IQ -.15 .02 <.01

Maternal interpersonal sensi-
tivity -.09 .03 <.01

Maternal depression .07 .04 .08

Maternal anxiety -.04 .04 .23

Maternal hostility .00 .03 .96

Paternal interpersonal sensi-
tivity -.02 .03 .49

Paternal depression -.04 .04 .23

Paternal anxiety -.01 .03 .71

Table S 5: (Continued)
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Outcome Predictor β SE p

Paternal hostility -.03 .03 .33

Global FA Sex (Female) -.03 .02 .13

Age at scan .15 .02 <.01

Paternal education -.01 .03 .60

Maternal education .03 .03 .21

Income .04 .03 .17

Ancestry Component 1 .05 .02 .04

Ancestry Component 2 .08 .02 <.01

Ancestry Component 3 .00 .02 .93

Ancestry Component 4 -.01 .02 .71

IQ .12 .02 <.01

Maternal interpersonal sensi-
tivity .04 .03 .19

Maternal depression -.08 .03 .02

Maternal anxiety .05 .03 .09

Maternal hostility -.01 .03 .84

Table S 5: (Continued)
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Outcome Predictor β SE p

Paternal interpersonal sensi-
tivity .02 .03 .47

Paternal depression -.02 .03 .62

Paternal anxiety -.02 .03 .46

Paternal hostility .00 .03 .85

β Standardized regression coefficient, SE standard error

Table S 5: (Continued)
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Factor

(DTI scalar)

General Specific EXT

Region Hemisphere FA FA MD RD

Anterior thalamic 
radiation

Left 0 1 1 2

Right 9 2 3 5

Cingulum cingulate 
gyrus

Left 0 51 12 2

Right 3 36 0 36

Corticospinal tract
Left 117 8 9 10

Right 4 8 8 10

Forceps major - 7 11 2 7

Forceps minor - 12 95 66 102

Inferior f
ronto-occipital 
fasciculus

Left 23 1 2 1

Right 2 6 18 13

Inferior 
longitudinal f
asciculus

Left 124 2 4 2

Right 1 1 1 1

Superior 
longitudinal 
fasciculus

Left 8 7 24 9

Right 9 9 13 10

Superior longitudinal 
fasciculus temporal 
part

Left 0 0 1 0

Right 4 6 7 6

Uncinate fasciculus
Left 9 0 1 3

Right 0 34 35 3

Table S 7: Number of significant voxels per region

Voxel-wise analysis was performed with TBSS adjusted for sex, age at scan, maternal and paternal educa-
tion, household income and genetic ancestry (n = 2,996). Regions are based on the John Hopkins University 
Atlas in MNI-152 space.
Ext Externalizing, FA Fractional Anisotryopy, MD mean diffusivity, RD radial diffusivity, AD axial diffusivity
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Model Constraints robust CFI  ΔCFI

Configural no .906 -

Weak Loadings .904 .002

Strong Loadings, Intercepts .903 .001

Strong and Relational Loadings, Intercepts, Regressions .900 .003

Strict and Relational Loadings, Intercepts, Regressions, 
Residuals .889 .011

Table S 8: Ancestry invariance analysis (nEuropen = 1136, nnon-European = 758)

ΔCFI represents the change in CFI from the more complex to more constrained model
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Model Constraints robust CFI ΔCFI

Configural no .898 -

Weak Loadings .893 .005

Strong Loadings, Intercepts .889 .004

Strong and Relational Loadings, Intercepts, Regressions .886 .003

Strict and Relational Loadings, Intercepts, Regressions, 
Residuals .871 .015

Table S 9: Sex invariance analysis (nboys = 1510, ngirls = 1529)

ΔCFI represents the change in CFI from the more complex to more constrained model

Model Constraints robust CFI ΔCFI

Configural no .887 -

Weak Loadings .885 .002

Strong Loadings, Intercepts .885 .000

Strong and Relational Loadings, Intercepts, Regres-
sions .883 .002

Strict and Relational Loadings, Intercepts, Regres-
sions, Residuals    .880 .003

      

Table S 10: SES invariance analysis (nlow or middle = 994, nhigh = 1665)

ΔCFI represents the change in CFI from the more complex to more constrained model
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ABSTRACT

Attention-deficit and hyperactivity disorder (ADHD) is a common childhood disor-
der with a substantial genetic component. However, to what extent epigenetic mech-
anisms play a role in the etiology of the disorder is much less well-known. Previous 
studies have identified several DNA methylation sites associated with ADHD. Yet, large 
epigenome-wide analyses (EWAS) featuring multiple independent cohorts are lack-
ing. We performed an EWAS within the Pregnancy And Childhood Epigenetics (PACE) 
Consortium to identify DNA methylation sites associated with ADHD symptoms, the 
first prospective meta-analytic EWAS in child psychiatry. As DNA methylation changes 
over time, we performed two EWAS at two methylation assessment periods: birth and 
school-age. We examined associations of DNA methylation in cord blood with repeat-
edly assessed ADHD symptoms (age range 4-15 years) in 2477 children from five cohorts 
and DNA methylation at school-age (age 7-9 years) with concurrent ADHD symptoms 
(age 7-11 years) in 2374 children from ten cohorts. The regression estimates correlated 
with 0.30 between both time points, after exclusion of dependent samples, suggest-
ing that the association between DNA methylation and ADHD is to some extent age 
independent. At birth, we identified 9 probes that were associated with later ADHD 
symptoms. Peripheral DNA methylation in only one of these probes correlated con-
sistently with brain methylation. This probe (cg01271805) lies in the promotor region 
of ERC2, which regulates neurotransmitter release. Another genome-wide significant 
probe (cg25520701) lies within the gene CREB5, which is associated with neurite out-
growth and its genetic variants were previously related to ADHD. In contrast, no probes 
reached genome-wide significance when ADHD was associated with school-age DNA 
methylation, indicating that the methylation profiles of ADHD have higher explanatory 
power at birth. In conclusion, the results suggest that DNA methylation at birth may 
hold promise as a prognostic indicator for ADHD risk, but future studies are needed to 
confirm the utility as biomarker and presence of causal pathways.
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INTRODUCTION

Attention-deficit and hyperactivity disorder (ADHD) is a common disorder charac-
terized by age-inappropriate impulsivity, excessive activity and attention problems. 
Symptoms often become apparent during school-age with a world-wide prevalence of 
5- 7.5%.1 Genetic heritability is estimated between 64% and 88% in twin studies.2,3 Ad-
ditionally, several environmental factors are suspected to impact ADHD, such as prena-
tal maternal smoking or lead exposure.4–7 However, it remains unclear through which 
pathways exactly genetics, and also the environment, affect ADHD risk. A possibility is 
that DNA methylation – an epigenetic mechanism that regulates gene expression – may 
mediate the effect of genetic and/or environmental determinants. DNA methylation 
can be affected by both environmental and genetic factors, it plays an essential role in 
healthy development, and in turn, disruptions in DNA methylation have been associat-
ed with disease risk, including psychiatric disorders. Several studies investigated DNA 
methylation in relation to ADHD diagnoses or symptoms using either a candidate gene 
approach or epigenome-wide assocation study (EWAS) in peripheral blood and saliva 
tissue, as reviewed previously8,9. A prominent hypothesis states that deficiencies in the 
dopamine system of the brain have an impact on ADHD development. This hypothesis is 
supported by imagining research, as well as observations that dopamine related genes 
are associated with ADHD risk.4,10 Consequently, candidate gene studies investigating 
DNA methylation have primarily focused on genes related to dopamine function. For 
instance, DNA methylation in SLC6A311, SLC6A412, DRD412–14, DRD513, DAT113 genes have 
all been associated with ADHD diagnoses or ADHD symptoms, though not consistent-
ly15. Besides the candidate gene approach, two studies tested DNA methylation across 
the whole genome. One study performed an EWAS in school-aged children using a 
case-control design.16 The study identified differentially methylated probes in the VIPR2 
gene, a gene expressed in the caudate and previously associated with psychopathology. 
Another EWAS investigated DNA methylation repeatedly at birth and age 7.17 This EWAS 
found 13 probes to be associated with ADHD trajectories from age 7 to 15, located in 
SKI, ZNF544, ST3GAL3 and PEX2. Interestingly, the methylation status of these probes 
at age 7 was not associated with ADHD. So far, there were no attempts to replicate the 
findings from these genome-wide studies.

While considerable research has begun to investigate DNA methylation in relation 
to ADHD occurrence, large multi-center epigenome-wide studies are lacking. A me-
ta-analytic EWAS pooling results from independent research centers has several ad-
vantages. Large sample size increases power to detect probes, which otherwise would 
have been masked by the multiple testing correction for hundreds of thousands tests. 
The multi-center design also increases the generalizability of the results, as identified 
probes are more likely to show association under different research settings. Here, we 
performed the first epigenome-wide meta-analysis to identify DNA metyhlation sites 
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associated with ADHD symptoms. This meta-analysis was performed within the Preg-
nancy And Childhood Epigenetics (PACE) Consortium18. In contrast to the genome, the 
epigenome changes over time (due to environmental, genetic or stochastic effects) and 
is dependent on tissue type. To address sensitivity to timing, we tested DNA methyla-
tion at birth using cord blood and during school-age (age 7-9 years) using whole blood. 
In the analyses of methylation at birth, the aim was to predict the occurrence of ADHD 
symptoms at age 4-15. We took advantage of the fact that many participating cohorts 
assessed ADHD repeatedly and employed a repeated measures design to increase preci-
sion. Furthermore, we utilized data in childhood to examine cross-sectional DNA meth-
ylation patterns associated with ADHD symptoms at school age. With this design we are 
able to test for methylation effects, which are representative of prenatal exposures, 
(prospective birth analysis) as well as associations at later age, which reflect exposures 
until school-age or potentially consequences of ADHD symptoms. As for the second 
peculiarity of DNA methylation, the tissue dependence, we were only able to study 
peripheral tissue. However, we looked up in databases the correlation between blood 
and brain methylation to get a sense of whether any findings are exclusive to peripheral 
tissue.

METHODS

This study consists of two parts: the birth methylation EWAS and the school-age 
methylation EWAS which will be described successively.

Birth Cord Blood Methylation

Participants
Five cohorts (ALSPAC, GENR, INMA, NEST and PREDO) in the PACE consortium had 

information on DNA methylation in cord blood, and measured ADHD symptoms at later 
ages. These cohorts have a combined sample size of 2477. Participants had mostly Euro-
pean ancestry, with the exception of NEST, which also included participants with African 
ancestry. Participants with African and European ancestry were analyzed separately 
and treated as two separate studies in the meta-analysis.

DNA Methylation and QC
DNA Methylation was measured at birth using cord blood. The Illumina Infinium 

HumanMethylation450K BeadChip was used to interrogate CpG probes in all cohorts. 
Outlying methylation levels exceeding three times the interquartile range were re-
moved before analysis. Each cohort ran an EWAS separately and results were then me-
ta-analyzed centrally. The distribution of the regression estimates and p-values were 
examined for each study individually and for pooled results. Deviations from a normal 
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distribution of regression estimates or a higher number of low p-values than expected 
under the null may be both signs of residual confounding, but may also be the result 
of a true signal. To help in interpretation of the results, we used the BACON method.19 
BACON analyzes the distribution of regression coefficients and estimates an empirical 
null distribution using a Bayesian approach. Results can then be compared against the 
empirical null, which already includes biases, rather than the theoretical null. After me-
ta-analysis we excluded the CpG probes, that were available in less than four cohorts 
and fewer than 1000 participants, as well as allosomal probes, due to dosage compen-
sation complicating interpretation of results.

ADHD Symptoms
ADHD symptoms were measured when children were 4-15 year old with parent-rat-

ed instruments, specifically the Behavior Assessment System for Children (BASC), Child 
Behavior Checklist (CBCL), Conners and The Development and Well-Being Assessment 
(DAWBA). If a cohort had ADHD symptoms measured repeatedly, every assessment 
wave was jointly analyzed in a mixed model (see statistical analysis). The repeated mea-
sure design increased power of the analysis by increasing precision of the ADHD severity 
estimate and by an increase of the sample size, since missing data in one or two of the 
assessments can be handled with maximum likelihood. Given the variety of instruments 
used within and across cohorts, all ADHD scores were z-score standardized to enable 
repeated measures analysis and meta-analysis. 

Statistical analysis
Cohorts with repeated assessment ages were analyzed using linear mixed models. 

The outcome were z-scores of ADHD symptoms and the main predictor were methyla-
tion betas. Each CpG probe was analyzed separately and adjusted for multiple correc-
tion using Bonferroni adjustment. To account for dependence due to repeated mea-
surements, we used a random intercept on the participant level. In addition, we used a 
random intercept on the batch level. The following potential confounders were includ-
ed as fixed effects: maternal age, educational level, smoking status (yes vs no during 
pregnancy), child gestational age, gender, and cell proportions (Bakulski reference, a 
cord blood specific reference).20 Mixed models were fitted using restricted maximum 
likelihood. Missing outcome data was handled with maximum likelihood, as long as a 
participant had at least one valid outcome. We used R21 with the lme422 package to 
estimate the models. Cohorts with a single ADHD assessment wave used an equivalent 
linear regression model without random intercept on participant level. Batch effects in 
this case could be adjusted with fixed or random effects.

Meta-analysis was performed using the Han and Eskin random effects model.23 This 
model does not assume that true effects are homogeneous between cohorts, however, 
it does assume that null effects are homogeneous. This modified version of the random 
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effect model has comparable power to a fixed effects analysis, while better accounting 
for study heterogeneity, such as ancestry differences, in simulation studies.23

Follow-up analyses
We performed several look-ups of genome-wide significant probes to better char-

acterize findings. We used the BECon database26 to check the correlation between pe-
ripheral and brain methylation levels in post-mortem tissue. To characterize to which 
extent probes were under genetic influence we looked the hits up in MeQTL24 and 
twin heritability databases.25 We also attempted to replicate genome-wide significant 
probes reported in a previous EWAS performed in the ALSPAC cohort.17 As this cohort 
also participated in this meta-analysis, we reran the meta-analysis with ALSPAC exclud-
ed to achieve an independent replication sample.

Pathway Analysis
We performed pathway enrichment analysis with the missMethylpackage26 on 

probes showing suggestive evidence of association (P<1E-05). We used as references: 
gene ontology (GO), KEGG and curated gene sets (C2; http://software.broadinstitute.
org/gsea/msigdb/collections.jsp#C2) from the Broad Institute Molecular signatures da-
tabase27. missMethylpackage adjusts the p-values for the number of CpGs associated 
with each gene26, since genes with larger numbers of probes are more likely to have 
significantly differentially methylated CpGs, biasing gene set analysis.28 The packages 
correct by multiple testing using the false discovery rate method.

To test enrichment for regulatory features (gene relative position, CpG island rela-
tive position and blood chromatin states) we applied χ2 tests. Enrichment tests were 
performed for all CpGs, and for hypo and hypermethylated CpGs separately. CpG an-
notation was performed with the IlluminaHumanMethylation450kanno.ilmn-12.hg19 R 
package.29 Annotation to 15 chromatin states was retrieved from 27 blood cell types 
from the Roadmap Epigenomics Project web portal (https://egg2.wustl.edu/road-
map/web_portal/). Each CpG in the array was annotated to one or several chromatin 
states by taking a state as present in those loci if it was described in at least 1 of the27 
blood-related measurements. 

School-age methylation

Participants
Four cohorts (ALSPAC, GENR, HELIX and GLAKU) with a combined sample size of 

2374 joined the school-age methylation EWAS. Helix consists of six different sub-co-
horts, which were pre-processed and analyzed jointly.30 All cohorts had participants 
with European ancestry, except HELIX, which also included participants with a Pakistani 



218 Chapter IV

Co
ho

rt
An

ce
st

ry
n

M
et

hy
la

tio
n 

Ag
e

AD
HD

 A
ge

In
st

ru
m

en
t

33
%

50
%

66
%

λ
In

fla
tio

n
Bi

as

AL
SP

AC
Eu

ro
pe

an
65

1
7

7
DA

W
BA

-0
.6

1
-0

.1
0

0.
54

1.
09

1.
00

-0
.0

8

GE
N

R
Eu

ro
pe

an
39

5
10

10
CB

CL
-0

.9
3

-0
.0

0
0.

98
1.

00
0.

97
-0

.0
1

GL
AK

U
Eu

ro
pe

an
21

5
11

11
CB

CL
-0

.7
9

0.
31

1.
50

0.
92

0.
96

0.
13

HE
LI

X
Eu

ro
pe

an
10

34
8

8
CB

CL
-0

.2
6

0.
47

1.
40

1.
11

0.
98

0.
28

HE
LI

X
Pa

ki
st

an
i

79
8

8
CB

CL
-1

.6
6

1.
86

5.
48

0.
98

0.
96

0.
26

M
et

a
-

23
74

-
-

-
-0

.2
4

0.
14

0.
62

0.
96

0.
92

0.
14

Ta
bl

e 
2:

 C
oh

or
t c

ha
ra

ct
er

is
tic

s o
f s

ch
oo

l-a
ge

 m
et

hy
la

tio
n 

EW
AS

n 
N

um
be

r o
f p

ar
tic

ip
an

ts
33

%
, 5

0%
, 6

6%
 Q

ua
rti

le
s o

f r
eg

re
ss

io
n 

co
effi

ci
en

t d
is

tr
ib

uti
on

λ 
In

fla
tio

n 
of

 p
-v

al
ue

s
In

fla
tio

n 
In

fla
tio

n 
of

 p
-v

al
ue

s d
ue

 to
 su

sp
ec

te
d 

bi
as

Bi
as

 T
re

nd
 to

w
ar

d 
ne

ga
tiv

e/
po

si
tiv

e 
di

st
rib

uti
on

 o
f r

eg
re

ss
io

n 
co

effi
ci

en
ts

 d
ue

 to
 su

sp
ec

te
d 

bi
as



219	 ADHD symptoms and DNA methylation at birth and school-age

IV

background. Participants of Pakistani national origin were treated as separate sample 
in the meta-analysis. See Table 2 for cohort characteristics.

DNA Methylation and QC
DNA methylation was measured at ages 7-11 using whole blood. The Illumina Infini-

um HumanMethylation450K BeadChip and Infinium MethylationEPIC Kit were used to 
interrogate CpG probes. QC steps were identical to the birth methylation EWAS.

ADHD Symptoms
ADHD symptoms were measured at the same age as DNA methylation at ages 7-11 

years using the parent-rated measures DAWBA and CBCL.

Statistical analysis
The statistical model was similar to the linear regression model used in the birth 

methylation EWAS. However, cell counts were estimated with the Houseman refer-
ence31 as opposed to Bakulski, as Bakulski is specific to cord blood. We also added 
assessment age as covariate, because ADHD assesment age may correlate with DNA 
methylation assessment age, which in turn may be associated with methylation levels, 
which presents a confounding risk. The meta-analysis methods were identical to the 
birth methylation EWAS. 

Follow-up analyses
As we did not find any genome-wide significant results (see Results) and observed 

an overall low signal, we did not perform follow-up anlayses. However, we did attempt 
to replicate six probes identified as most suggestive in a previous case-control EWAS, 
which assessed methylation and ADHD in school-age.16

RESULTS

Birth Cord Blood Methylation

EWAS Quality Check
We first examined whether the beta distribution of the individual cohorts was ap-

proximately normal with median regression estimates of 0, see Table 1. The distribu-
tions did not show signs of errors in analysis, however, one cohort (ALSPAC) showed a 
trend towards more positive estimates, whereas two others (INMA and PREDO) showed 
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more negative values. Furthermore, four out of the six cohorts showed a high λ, indicat-
ing larger number of low p-values than expected under the null.

To distinguish whether these trends are due to biases in the analyses, e.g. popula-
tion stratification, or represent real methylome-wide effects, we estimated the inflation 
with the BACON method. This analysis suggested that the majority of the inflation is due 
to a true signal, as indicated by inflation values clearly lower than λ. Additional evidence 
that the inflation was not due to spurious associations was provided by a sensitivity 
analysis. Confounding due to population stratification or batch effects would likely be 
detectable at lower sample sizes, thus absence of inflation at lower sample sizes would 
indicate that inflation is due to power to detect associations not biased by these global 
strong effects. To test whether this is the case, we restricted the GenR sample randomly 
to 900 and 1100 participants, who had DNA methylation data available, which resulted 
in a maximum of 812 and 991 participants respectively due to missing covariates. In the 
case of 812 participants the lambda was 0.96, with 991 participants λ=1.21 and with the 
full sample of 1191 participants λ=1.51. Thus we concluded that the inflation is depen-
dent on the power of the sample rather than spurious associations, which would also 
occur at lower sample size. 

The BACON analyses also indicated a trend towards positive/negative values in 
some of the datasets, which can indicate confounding, e.g. by population stratification. 
However, all analyses were conducted in genetically homogoneous samples (or were 
stratified for ancestry), all cohorts adjusted for the same extensive list for possible con-
founders and all cohorts adjusted for batch effects. The addition of further variables, 
such as principal components of ancestry was tested in GENR and ALSPAC, but they did 
not meaningfully change results and were therefore not included.

We conducted the meta-analysis under the assumption that any such biases will 
be corrected in the pooled analysis, since they were not homogenous across cohorts. 
Indeed, the pooled estimates did not show a trend towards positive or negative regres-
sion estimates (Median=0.02), although showed overrepresentation of low p-values 
(λ=1.86, see QQ Plot in Figure 1). The BACON estimates for inflation, however, suggest-
ed that these are mostly due to a true signal (Inflation=1.1)

Single Probe Analysis
	 We performed a meta-analysis of cord blood EWAS results from six indepen-

dent cohorts, pooling DNA methylation at birth in cord blood at 472,817 CpG sites. 
See Figure 2 for Manhattan plot. Nine CpG sites showed genome-wide significance at 
a Bonferroni correction threshold of p < 1E-07 (5.24E-08 > p > 4.95E-09). These probes 
predicted between 0.16SD and 0.415SD higher ADHD symptoms when the probe has 
10% less methylation among all cells. The results therefore suggest that lack of meth-
ylation at these sites in the prenatal period is associated with higher number of ADHD 
symptoms in later life. Eight of the top probes were available in the BECon database32. 
According to the database, these eight probes are typically methylated in both whole 
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Figure 1: Quantile-quantile plot of observed -log 10 p values vs expected -log 10 p values assum-
ing chance findings in birth methylation EWAS (left) and school-age methylation EWAS (right). 
Diagonal line indicates a p value distribution compatible with chance finding. Upward deviations 
indicate p values more significant than expected.

Figure 2: Manhattan plot of -log 10 p values vs CpG position for birth methylation EWAS (top) and 
school-age methylation EWAS (bottom).
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Figure 3: Methylation levels in blood and brain tissue in BECon database.
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Figure 4: Scatter plot of methylation levels at birth dependent on levels of ADHD symptoms in 
the GenR cohort. Only methylation levels for genome-wide significant probes in the birth EWAS 
are shown.
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blood as well as in the brain (see figure 3 and figure 5). A lookup in the BECon database 
revealed that the CpG site cg01271805 in the promoter region of gene ERC2 shows vari-
able methylation in three brain regions (BA10, BA20, BA7). This may result in meaning-
ful alteration in gene expression, as ERC2’s expression profile is specific to brain tissues, 
with the highest expression in frontal cortex (BA9)33. Importantly, methylation levels in 
the brain are moderately correlated with whole blood methylation (0.33-0.46) (Figure 
4), making peripheral cg01271805 levels a useful marker for brain methylation levels. 
The other hits showed less consistent correlations between blood and brain tissues and 
associated genes had less specificity for expression in the brain, based on GTEx data. No 
significant SNP was associated with our top hits when accounting for linkage disequi-
librium with GCTA according to the MeQTL database24. Furthermore, no SNP had sub-
stantial twin heritability in a previous study.25 After adjusting for inflation and bias with 
BACON, only one CpG remained statistically significant (cg25520701, CREB5, ß =-3.54, 
SE = 0.66, p = 9.59E-08). However, the p-values are based on a more conservative tradi-
tional random effects test rather than the modified Han and Eskin method. 

Pathway Analysis
Two hundred forty nine probes showed suggestive (P<1E-05) association and were 

annotated to 182 unique genes. Among these probes no pathway survived multiple 
testing correction.

	 Suggestive CpGs, specially the hypomethylated, were enriched in intergenic 
regions. Suggestive hypomethylated probes were enriched for 3’UTR regions and de-
pleted for TSS200 and first exon regions, open sea, north shelf and south shelf regions, 
south shore and islands. In regards to chromatin states, hypomethylated probes showed 
enrichment for transcription (Tx and TxWk) and quiescent positions and depletion for 
transcription start site positions (TSSA, TxFlnk, TxFlnk) and bivalent (EnhBiv) and repres-
sor (ReprPC) positions. Hypermethylated probes showed the opposite chromatine state 
patterns.

Replication of previous EWAS
We attempted to replicate 13 CpG, which DNA methylation at birth was previously 

associated with ADHD trajectories.17 However, no probe survived multiple-testing cor-
rection and effect directions were inconsistent between the two studies. (Table 4)

School-age methylation

EWAS Quality Checks
The beta regression distribution showed no signs of errors, but three of the cohorts 

showed a trend towards positive associations in separate analyses (Table 2). The lambda 
was below 1.11 for all cohorts. Further analysis of the cohorts with BACON suggested 
no inflation of the test statistics due to confounding or other biases, though the trend 
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towards positive associations remained. The pooled results in the meta-analysis had a 
low lambda (0.96), showed no signs of inflation (0.92) but a slight over-representation 
of positive associations (0.14).

Single Probe Meta-Analysis
We associated DNA methylation at school-age in whole-blood at 466,574 CpG sites 

with ADHD symptoms at the same age. No CpG reached genome-wide significance (all 
p>4.96E-06), see Figure 2 for Manhattan plot. Furthermore, none of the loci whose DNA 
methylation at birth was significantly associated with ADHD symptoms, also showed 
a cross-sectional association of DNA methylation at school-age with ADHD symptoms 
(p>0.33), and 5 out of the 9 regression estimates were in the opposite direction (Table 
3). 

Replication of previous EWAS
We attempted to replicate six most suggestive EWAS probes of a case-control study, 

as defined by the authors. While all but one showed a consistent direction in the PACE 
cohorts, none of the probes were statistically significant. (Table 5)

Stability of methylation association across age
The associations between methylation at birth with ADHD symptoms and methyla-

tion at school-age with ADHD symptoms were consistent on the epigenome-wide level. 
The regression estimates from those CpG sites, which had nominally significant associ-
ations at birth (p<0.05, n=73,057) correlated with the regression estimates of the birth 
EWAS (rs=0.45). When restricting the school-age methylation EWAS to those cohorts, 
which were not featured in the birth methylation EWAS, the correlation remained 
(rs=0.30). When filtering for probes which were nominally significant at school-age, 
23770 probes remained of which 4075 overlapped with nominally significant probes 
at birth. The correlation for this set was very similar, rs=0.47 among all cohorts and 
rs=0.35 between independent cohorts. Thus, regression coefficients based on birth-
cord and school-age methylation positively correlate and generalize to independent 
samples. 

DISCUSSION

We performed, in this population-based study, the first epigenome-wide meta-anal-
ysis of ADHD symptoms, using two DNA methylation assessments (birth and school-
age), as well as repeated measures of ADHD. DNA methylation at birth predicted the 
later development of ADHD symptoms with a genome-wide significant level at nine loci, 
but not in school-age. Interestingly all the identified probes showed a pattern of a high 
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average rate of methylation in cord blood, where lower levels of methylation in an indi-
vidual were associated with more ADHD symptoms in childhood.

DNA methylation at this stage in life reflects the effects of genetics and the intra-
uterine environment. The results thus suggest that cord blood DNA methylation is a 
marker for some of the ADHD risk factors present before birth or a potential mediator 
of these risk factors. For instance, in utero environmental factors, such as lead expo-
sure, have been associated with ADHD risk. Such influences may be mediated by chang-
es in DNA methylation, which in turn affect gene expression and downstream pheno-
types.34 In this scenario DNA methylation status is involved in the etiology of ADHD and 
could aid in understanding the psychopathology, as well as give clues to prevention and 
treatment. While not impossible, reverse causality at this age is unlikely to explain our 
results, as ADHD only manifests at a later stage of development. However, confounding 
is a very real possibility. In this example, the lead-altered DNA methylation levels might 
not affect ADHD risk and simply indicate lead exposure, which may act via different 
pathways. In this scenario DNA methylation would act as a prognostic marker rather 
than be on a causal pathway. In this case, DNA methylation status may be useful for 
prediction and prevention of exposures, but not a treatment target itself.

We analyzed DNA methylation in cord blood, which may not correspond to the 
methylation status in the brain. Most of the significant probes did not show consistent 
correlation (r < 0.1) between methylation status in whole blood and post-mortem brain 
tissue in a previous study.32 However, one probe is the exception: cg01271805 meth-
ylation in whole blood is associated with methylation status in various brain regions. 
Importantly, this probe lies in the promoter region of the gene ERC2, which is highly 
expressed in brain tissue. ERC2 encodes a protein, which regulates calcium dependent 
neurotransmitter release in the axonal terminal.35 Specifically, ERC2 is suspected to 
increase the sensitivity of voltage dependent calcium channels to hyperpolarization, 
resulting in higher neurotransmitter release. SNPs in the ERC2 locus were previously 
used to distinguish schizophrenia and bipolar disorder patients36 and have been sug-
gested to impact cognitive functioning37. ERC2 is especially expressed in Broadmann 
area 9. Previous imaging studies have demonstrated differential activation in this area 
when children with or without ADHD performed various cognitive tasks.38,39 The cor-
relation with brain methylation, the location in a promotor and gene expression in the 
brain make cg01271805 a plausible candidate locus, where reduced methylation may 
cuasally affect ADHD development. We hypothesize, that lower methylation levels at 
cg01271805 increases the expression of ERC2, which in turn increases neurotransmit-
ter release, with an adverse impact on the development of ADHD symptoms. Another 
gene with a genome-wide signficant probe and high relevance for neural functioning is 
CREB5 (cg25520701). CREB5 is expressed in fetal brain and the prefrontal cortex, and 
was previously related to neurite outgrowth. Morever, SNPs in this gene were associat-
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ed with ADHD in GWAS.40,41 Thus it is plausible, that differences in DNA methylation in 
this locus may modify ADHD risk during developmental stages.

It is noteworthy, that all genome-wide significant CpG sites at birth have high aver-
age methylation values and that children with ADHD tended to have lower values. This 
might indicate a spurious association due to a ceiling effect. However, a closer exam-
ination of the distribution reveals that this is less likely. Figure 4 shows a scatterplot of 
the top CpG sites in the Generation R cohort. While the average values are high, the 
distribution of the methylation levels is relatively normal, with very few observations at 
the maximum and there are no children with high ADHD and extremely low methylation 
values. 

While the birth methylation EWAS identified several loci, associating school-age 
methylation with concurrent ADHD symptoms revealed no genome-wide significant 
associations and the overall signal was lower, despite similar sample size. None of the 
probes significantly associated at birth showed any association when measured at 
school-age. Given that sample sizes were comparable, this difference in predictive abili-
ty must come from changes in the epigenome, rather than differences in statistical pow-
er. On the one hand, this may be considered surprising given that typically two factors 
are more strongly associated if measured in closer temporal proximity. On the other 
hand, Walton et al. observed in a previous EWAS17, that birth methylation may be a bet-
ter predictor of later ADHD symptoms than childhood methylation, possibly reflecting 
sensitive periods. Whether DNA methylation in cord blood has stronger causal effects 
or is a better marker for early life factors cannot be concluded from the present study. 
Alternatively, tissue differences between cord blood and whole blood may account for 
the differences in association pattern. Finally, it is possible that interventions in child-
hood and other environmental influences diluted the differences in the epigenome be-
tween children with more or fewer ADHD symptoms. 

That said, we observed a substantial consistency in the associations of methylation 
at both timepoints with ADHD symptoms. The regression estimates of both EWAS cor-
related on a genome-wide level. This held true, even if overlapping cohorts were re-
moved from analysis suggesting that the association between DNA methylation at birth 
and ADHD symptoms to some extent remain in school-age and are consistent across 
independent cohorts. This implies that DNA methylation in school age may be useful as 
biomarker for ADHD symptoms, but the development of such a marker would require 
higher powered studies compared to a biomarker based on cord blood and may be less 
reliable. 

Strengths of this study include the large number of participants and cohorts, the 
repeated outcome measures, extensive control for potential confounding factors and 
the use of DNA methylation at two different time-points, enabling to characterize both 
prospective and cross-sectional associations with ADHD symptoms. However, several 
limitations need to be discussed as well. A causal interpretation of our findings is chal-
lenged by the possibility of residual confounding and reverse causality. For instance, 
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while we controlled for some potential adverse environments, such as smoking during 
pregnancy, DNA methylation might be a marker for other adverse environments which 
could affect ADHD via independent pathways. In addition, children with higher ADHD 
symptoms may evoke a particular environment, which might shape the epigenome. This 
is less likely the case for cord blood methylation, but may be a substantial factor for 
the cross-sectional analyses in school-age. Future studies could explore further causal 
interpretations of the found associations. It is also likely that many more CpG sites are 
associated with ADHD than identified in this study. Thus further sample size increases 
are likely necessary to detect further methylation sites.

In summary, we identified nine CpG sites, in which lower methylation status at birth 
is associated with later development of ADHD symptoms. The results suggest that DNA 
methylation in the ERC2 and CREB5 gene may exert an influence on ADHD symptoms, 
potentially via modification of neurotransmitter functioning or neurite outgrowth. None 
of the sites prospectively associated with ADHD in cord blood were cross-sectionally as-
sociated with ADHD when measured during school-age, and generally no genome-wide 
significant CpGs were identified in childhood. However, on an epigenome-wide level 
the association of the methylation probes with ADHD showed consistency across both 
time-points, thus development of biomarkers which are predictive of ADHD at any age 
may be possible.
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ABSTRACT

Cortisol concentrations in hair are used to create hormone profiles spanning 
months. This method allows assessment of chronic cortisol exposure, but might be bi-
ased by hair pigmentation: dark hair was previously related to higher concentrations. It 
is unclear whether this association arises from local effects, such as increased hormone 
extractability, or whether the association represents systemic differences arising from 
population stratification. We tested the hypothesis that hair pigmentation gene variants 
are associated with varying cortisol levels independent of genetic ancestry. Hormone 
concentrations and genotype were measured in 1674 children from the Generation R 
cohort at age 6. We computed a polygenic score of hair color based on 9 single nucle-
otide polymorphisms. This score was used to predict hair cortisol concentrations, ad-
justed for genetic ancestry, sex, age and corticosteroid use. A 1-standard deviation (SD) 
higher polygenic score (darker hair) was associated with 0.08SD higher cortisol levels 
(SE=0.03, p=0.002). This suggests that variation in hair cortisol concentrations is partly 
explained by local hair effects. In multi-ancestry studies this hair pigmentation bias can 
reduce power and confound results. Researchers should therefore consider adjusting 
analyses by reported hair color, by polygenic scores, or by both.
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INTRODUCTION

In the last decade, studies demonstrated that hair is a useful medium to measure 
chronic cortisol secretion over a period of 3-6 months.1–4 Each cm of proximal scalp hair 
represents ca. 1 month cortisol exposure, which makes the measurement of relatively 
long-term profiles of cortisol and cortisone, a metabolite and precursor of cortisol, fea-
sible.5 Hair cortisol assessment is therefore an attractive addition to repeated plasma 
or saliva measurements.

While hair samples are a compelling method, there is concern that hair color might 
bias measurements. We reported previously that hair color was associated with cortisol 
and cortisone levels in the Generation R Study, specifically that higher cortisol levels 
were found in darker hair.2 Hair pigmentation might directly affect the potential to ex-
tract cortisol from hair and thus measured differences may mirror local effects only. 
Second, the hair cortisol differences might reflect genetic differences in subpopulations 
(population stratification). For example, since hair color is strongly linked to genetic 
ancestry, it might be a marker of genetic variations related to cortisol metabolism or 
sensitivity.3 Third, color might be a marker for minority status and the related stress, 
which would explain higher systemic cortisol levels.1,2,4 Distinguishing between these 
scenarios is important for observational hair cortisol research, since an association be-
tween hair color and hair cortisol might introduce a confounding bias.

To explore the nature of the hair color and hair cortisol association, we investigated 
whether single nucleotide polymorphisms (SNPs) associated with hair pigmentation are 
associated with hair cortisol levels in childhood independent of genetic ancestry. For 
this purpose we selected 16 SNPs from 10 genes included in the HIrisPlex system previ-
ously developed to predict hair and eye color from DNA.6,7 We created a polygenic score 
of hair color, which predicts hair lightness/darkness on the basis of these pigmentation 
SNPs. We computed a genetic score as opposed to solely using reported hair color, 
because the score allows a continuous assessment of hair pigmentation, is objective, 
and is not affected by the environment. Such a genetic score potentially represents hair 
pigmentation more accurately. This way we tested the main hypothesis that a genetic 
score of hair color is associated with hair cortisol and cortisone levels independent of 
genetic ancestry in children.

METHODS

Participants
This study was conducted in Generation R. Generation R is a population-based birth 

cohort aiming to identify early environmental and genetic determinants of develop-
ment and health.8,9 All parents gave informed consent for their children’s participation. 
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The Generation R Study is conducted in accordance with the World Medical Association 
Declaration of Helsinki and study protocols have been approved by the Medical Ethics 
Committee of the Erasmus Medical Center, Rotterdam.

Hair color and genetic information was available in 3262 children. To avoid overfit-
ting of the polygenic score, we split the sample into children with cortisol or cortisone 
information (n=1697), the validation sample, and a training sample with neither cortisol 
nor cortisone (n=1565) information. Selection and weights of the SNPs for the polygenic 
pigmentation score were determined in the training set. Hair cortisol or cortisone mea-
surements were available for 1697 children (1674 had cortisol and 1656 had cortisone 
available). See Figure 1 for a participant flow chart. Both training and validation samples 
featured highly admixed populations with a variety of hair phenotypes. See Table 1 for 
participant characteristics. We additionally studied a subsample of children with genet-
ically northwestern European ancestry to explore whether a hair color bias is present 
in genetically homogeneous samples. In this sample, 867 measurements of cortisol and 
862 of cortisone were available. Finally, we also analyzed subgroups of ethnic minorities 
grouped by national original of a geographical region: Africa (Africa, Cape Verde, Mo-
rocco; n=193), Asia (Asia, Indonesia; n=46), Caribbean (Netherlands Antilles, Suriname; 
n=156) and Turkey (n=147).

Genotyping
In Generation R DNA was extracted from whole blood at birth and analyzed using 

Illumina 610K/660W. We filtered for sample (≥97.5%) and SNP call rates (≥95%), minor 
allele frequency ≥1% and deviations from Hardy-Weinberg equilibrium (p<10-7). Excess 
heterozygosity, gender accuracy, and relatedness were tested. We used MACH 1.010 to 
impute to the 1000 Genomes Iv3 reference.11

We selected 22 SNPs from the HIrisPlex System related to hair color prediction. Nine 
SNPs were directly genotyped in Generation R and 13 were available as imputed gen-
otypes. Of these, 3 were excluded due to poor imputation quality (R² < 0.3) and 2 due 
to a minor allele frequency below 1% (Supplementary Table S1). SNPs were included as 
allele dosage in all analyses.

Multidimensional scaling was used for the investigation of genetic ancestry based 
on the genome-wide SNP data.12 Twenty principal components of ancestry (PCA) were 
calculated for the whole Generation R sample (n=5731) and subsequently used in the 
subsample of children with available hair color and hormones data, the training and 
validation samples. Participants exceeding 4 SDs difference with the mean European 
reference level (HapMap CEU) on any of the first four principal components were clas-
sified as non-northwestern European. For analyses restricted to children with north-
western European ancestry, the PCA were recalculated in that Generation R subsample 
(n=2830). Again the whole Generation R sample was used for the estimation of PCA. 
Figure 2 graphically displays the very high population admixture of the training and 
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validation samples, by comparing the genetic ancestry to the 1000 Genomes Phase 3 
populations.

Hair Color
Hair color of the children was obtained by parent report and when not available, 

scored with photographs and videos taken during the research center visit. Inter-coder 
reliability was calculated with 50 overlapping observations using Krippendorff’s alpha. 
Alpha was 0.79 between the investigators and 0.69 between the investigators and par-
ents.2 Hair color was categorized into 7 categories: “sandy red” (1), “red or chestnut” 
(2), “blond” (3), “dark blond” (4), “brown” (5), “dark brown” (6), “brownish black or 
black” (7), analyzed as continuous variable (ranging from 1-7) indicating pigmentation 
intensity. See Table 1 for hair color distribution per sample.                   

Figure 1: Participant flow chart
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Multi-ancestry Northwestern European 
ancestry

Characteristic Training 
Sample

Cortisol 
Sample

Cortisone Cortisol Cortisone
Sample Sample Sample

n 1565 1674 1656 867 862

Cortisol/Cortisone quantiles

(in pg/mg)
25% - 0.91 5.31 0.69 4.80
50% - 1.65 7.78 1.28 6.61
75% - 3.26 12.49 2.71 11.85

Hair Color (in %)

 Sandy red 1 2 2 3 3

 Red or Chestnut 1 1 1 2 2

 Blond 30 26 26 47 46

 Dark Blond 33 26 27 38 39

 Brown 13 19 18 9 9

 Dark Brown 10 15 15 1 1

 Brownish black/Black 13 11 10 0 0

National origin (in %)

 Dutch 65 58 59 90 90
 Turkish 6 9 9 0 0

 Surinamese 6 7 7 0 0

 Other European 8 7 7 6 6

 Moroccan 3 7 7 0 0

Table 1: Participant Characteristics
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 Cape Verde 2 3 3 0 0

 Netherlands Antilles 2 2 2 0 0

 African 2 2 2 1 1

 American, Non-Western 2 2 2 1 1

 Asian, Non-Western 3 2 2 0 0

 Indonesian 0 1 1 0 0

Girls (in %) 49 51 52 48 49

Age (mean in years) 6.15 6.19 6.19 6.04 6.04

Corticosteroid use (in %) - 8 8 9 9

Table 1: (Continued)
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Hair Cortisol and Cortisone
 Cortisol and cortisone concentrations were measured in the proximal three cm 

scalp hair, as described previously.5 Briefly, steroids were extracted using LC-grade 
methanol at 25°C for 18h in the presence of deuterium labeled steroids as internal stan-
dard. Samples were centrifuged and cleaned using solid phase extraction, after which 
steroids were quantified by liquid chromatography-tandem mass spectrometry (LC-MS/
MS) (Waters XEVO-TQ-S system, Waters Corporation, Milford, MA, USA), using positive 
electrospray ionization. See Table 1 for hormone concentrations.

Statistical Analysis
To determine weights for the hair color polygenic score, we first regressed hair color 

on HIrisPlex SNPs in a single linear model using the training set (n=1565). Rs16891982 
was not included in the training model due to high multicollinearity (Variance Inflation 
Factor (VIF)=16.5) caused by strong linkage disequlibrium with rs28777 (r²=0.92). The 
model was adjusted for 20 PCA ensuring that only SNPs are selected which have ex-
planatory power beyond being markers for genetic ancestry. Using the regression coef-
ficients of the 9 nominally significant (α=0.05) SNPs (rs885479, rs1805008, rs1805007, 
rs28777, rs12896399, rs1042602, rs1393350, rs12821256, rs12203592; see supplemen-
tary Table S2) as weights, we calculated a polygenic score in the cortisol/cortisone sam-

Figure 2 a-c: Comparison of genetic ancestry in the Generation R Study sample and the 1000 
Genomes phase 3 populations based on the first four principal components of ancestry (PCA). 
Squares mark African, circles Ad Mixed American, triangles European, crosses South Asian and X 
indicates East Asian ancestry. 
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ple according to β1*rs885479 + … + β8*rs2378249. This resulted in a single score indi-
cating the darkness of the hair.

We used the polygenic score to predict cortisol and cortisone in a linear regression 
model. We included 20 PCA in the main model as covariates (standardized), next to sex, 
age and corticosteroid use (parent-reported yes/no). Two to ten PCA are commonly rec-
ommended to correct for population stratification, depending on the trait and ancestry 
admixture.13 A previous Generation R study suggests that the use of four principal com-
ponents effectively corrects for population stratification in a genome-wide association 
study of red hair pigmentation. The performance is comparable to adjustment by linear 
mixed models.12 Given the strong correlation of hair color with ancestry, we chose to err 
on the conservative side and included all 20 PCA.

The ancestry corrected analysis using a polygenic score of hair pigmentation was 
used to test the main hypothesis. However, we performed additional analyses for ex-
ploratory and comparative purposes. We also tested individual hair pigmentation SNPs 
in separate and in a mutually adjusted model. Next, we related observed hair color 
(treated continuously) to cortisol and cortisone. As the polygenic score was calculated 
correcting for ancestry, all models were rerun without the additional genetic ancestry 
adjustments in the regression analyses. Furthermore, we performed sensitivity analy-
ses in the subsample of children of European ancestry as defined by genetic data. We 
calculated the power of this subsample to detect effect sizes found in the multi-ances-
try sample. For this purpose we used the local Cohen’s F2 of the fully adjusted pigmen-
tation effect.14 Finally, we also stratified the main analysis by four ethnic subgroups (Af-
rican, Asian, Caribbean, Turkish). Given that these classifications are based on national 
origin rather than genetic data and that the sample sizes are low, we interpret these 
analyses exploratory.

The hair cortisol and cortisone regression analyses yielded skewed residual distribu-
tions. We therefore applied box-cox transformations. The best fitting lambda was -0.26 
for cortisol and -0.06 for cortisone, based on the main model. Transformed values were 
multiplied with -1 to keep directionality. The polygenic score, cortisol and cortisone 
were standardized to facilitate interpretation.

To investigate potential pleiotropic effects of the hair pigmentation SNPs, i.e. wheth-
er the SNPs are associated with hair cortisol via pathways unrelated to hair color, we in-
vestigated the heterogeneity of the single SNP estimates as described by Burgess et al.15 
Estimates and standard errors (SE) were extracted for 9 SNPs from ancestry-adjusted 
models. We meta-analyzed using inverse-variance weighting to calculate Q and I2 sta-
tistics after orienting the SNP effects. A significant Q or high I2 indicate heterogeneity 
in the effect estimates and can be an indication that the SNP associations are not solely 
explained by hair color. Heterogeneity is problematic if the pleiotropic effects are in the 
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same direction for a majority of SNPs, which can be detected visually as asymmetry in a 
funnel plot or by a significant asymmetry test.16

Statistical analyses were performed in R 3.3.2.17 The package MASS 7.3-4518 was 
used for box-cox transformations, metafor 1.9-919 for heterogeneity analyses and fun-
nel plots, pwr20 for power analysis, psych 1.6.921 for descriptives and foreign 0.8-6722 for 
reading external files.

RESULTS

In the training set 9 of the 16 SNPs showed nominally significant (α=0.05) associa-
tions with hair color independent of genetic ancestry as expected (Supplementary Table 
S2). The polygenic score of the nominally significant SNPs explained 35% of the hair 
color variance in the validation set (n=1697) (adjusted R²). An increase in 1-standard de-
viation (SD) of the polygenic score was associated with a 0.83-level darker hair (β=0.83, 
SE=0.03, p =8E-160). For comparison, a polygenic score based on 13 SNPs from a model 
without genetic ancestry adjustment explained 49% of the variance in this sample.

	 Hair color, individual hair color SNPs, and the polygenic score of hair color 
predicted hair cortisol and cortisone levels in models unadjusted for genetic ancestry. 
These models overestimate the effects due to population stratification and are pre-
sented solely for comparison with the main analysis. A 1-level darker hair color was as-
sociated with 0.16SD higher cortisol levels (SE=0.02, p=4E-19) and 0.06SD higher corti-
sone levels (SE=0.02, p=5E-04) (Table 2 and S3). Six hair color SNPs showed independent 
nominally significant (α=0.05) associations with cortisol and 2 SNPs did with cortisone. 
(Table 3 and S4). A SD higher polygenic score (darker hair) was associated with 0.21SD 
higher cortisol levels (SE=0.02, p=8E-18) and 0.09SD higher cortisone levels (SE=0.02, 
p=3E-04) (Table 2 and S3).

	 The polygenic score explained 4.2% of the hair cortisol variance and 0.7% of 
hair cortisone in a simple regression (genetic ancestry adjusted in training step), where-
as hair color explained 4.5% and 0.6% respectively (no genetic ancestry adjustment). 
For comparison, a polygenic score based on 13 SNPs from a training model without 
genetic ancestry adjustment explained 5.8% and 0.8% variance. Genetic ancestry ex-
plained 8.0% of the cortisol and 3.8% of the cortisone variance. In contrast, national 
origin (dummy coded) explained 6.1% and 3.5% respectively. 

Introducing genetic ancestry into the models substantially decreased the associa-
tions. Darker hair color was not associated with hair cortisol (β=0.01, SE=0.03, p=0.70) 
and cortisone (β=0.02, SE=0.03, p=0.46) (Table 2 and S3). However, 2 hair color SNPs 
remained nominally significant (α=0.05) in the cortisol and cortisone models (Table 3 
and S4). In the model used for testing the main hypothesis, the polygenic score re-
mained associated with cortisol (β=0.08, SE=0.03, p=2E-03) and cortisone (β=0.06, 
SE=0.03, p=0.03) (Table 2 and S3). These models showed no substantial multicollinearity 
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(all VIF <1.46). Restricting the analysis to children with European ancestry changed the 
coefficients to 0.05SD for cortisol (SE=0.03, p=0.13) and 0.03SD for cortisone (SE=0.03, 
p=0.39)(Table S5-S8), which were not statistically significant. The cortisol analysis in the 
European subsample had a power of 59% to detect an association of the same magni-
tude as found in the multi-ancestry sample (f2=0.006, power=86%). Repeating the anal-
ysis within ethnic minorities revealed a significant association of the polygenic score 
with hair cortisol in children of African national origin (β=.22, SE=0.09, p=0.01) (Table 
S9). Similar effect sizes in the smaller Caribbean, Asian and Turkish subpopulations did 
not reach significance. 

The associations between 9 single SNPs and hair cortisol showed modest hetero-
geneity, which was not significant (I2=43.2%, Q=13.6, p=0.09). The funnel plot showed 
no asymmetry (see supplementary Figure S11) and a regression test was not significant 
(p=0.09). 

DISCUSSION

Nine hair color SNPs of the HIrisPlex system explained a large proportion of pheno-
typic hair color variance in the Generation R Study. The polygenic score of hair color was 
significantly associated with hair cortisol and cortisone levels after strict adjustment for 
genetic ancestry. The score itself was based only on SNPs, which showed associations 
with hair color independent of ancestry. The results suggest that cortisol and cortisone 
levels found in hair are partly explained by hair pigmentation, and do not represent 
systemic hormone levels only.

Furthermore, the polygenic score of hair color accounted for the variance in the hair 
hormone concentrations better than parent-reported/photograph-assessed hair color. 
While the reported hair color did not show associations independent of genetic ances-
try, an independent contribution was found for the genetic markers. This suggests that 
the predictive value of categorical reporting of hair by parents or researchers is lower 
than the predictive value of the continuous polygenic score. This may seem surprising, 
given that the polygenic score explained only part of the reported hair color variance. 
However, the reported hair color was merely used for weighting and for determining 
the direction of the SNPs. The additional information on allele dosage and number 
of pigmentation increasing variants is retained and the initial selection of SNP for the 
HIrisPlex system was performed in a separate study. It may therefore well be, that the 
polygenic score is a better representation of hair pigmentation as opposed to the mo-
mentary and subjective hair color report. It should be noted that the performance of 
the presented polygenic score might change in older children or adults. Hair color can 
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change with age, thus it is unclear how predictive the presented score is at other ages, 
since it is calibrated to school aged children.

An association between hair color and hair cortisol levels had been found previously 
in dogs23, as well as in humans24, although not in all studies.25,26 The null results in some 
previous studies could be due to more homogeneous samples compared to this study, 
which featured a large number of light and dark haired children. The effects of hair 
pigmentation on hair cortisol were negligible in the European ancestry subsample, in 
which dark brown and black hair was virtually absent. This suggests that in samples with 
lower hair color variation and low ancestry variance the hair color bias on cortisol/cor-
tisone measures may be ignored. However, the power in the European sample was also 
smaller than in the multi-ancestry sample, which may have limited our ability to detect 
an association. Furthermore, the hair pigmentation bias remained in the non-European 
subgroups of children stratified by geography.

At present it is unknown what the exact mechanism is underlying the relation be-
tween hair pigmentation and cortisol level measures. However, photocrosslinking be-
tween the corticosteroid flumethasone and the protein spectrin has been reported.27 
It is conceivable that dark hair is differently affected by UV radiation than light hair and 
that may also influence a potential crosslinking of cortisol and hair matrix and thereby 
cortisol extractability.

Whatever the underlying reasons for the observed phenomenon are, these findings 
have several important implications. In genetically heterogeneous samples (i.e. partic-
ipants with ancestry from European as well as other non-European regions), hair color 
certainly adds additional variance to hormonal measurements, which can increase stan-
dard errors, and thus adjustment for hair color or genetic markers of hair color could be 
beneficial. In genetically homogeneous European samples, bias introduced by hair color 
is small, as shown here, and may be ignored.

A hair color bias could occur in observational cortisol studies with predictors or out-
comes, which are associated with hair color. Such population stratification by hair color 
is conceivable in studies of metabolic traits, psychological stress, and cortisol genetics 
among others.

In studies of psychological stress in Western multi-ethnic populations for example, 
the scenario is possible that dark hair is associated with minority status and conse-
quently increased stress exposure. The observed effects of stress on hair cortisol, how-
ever, would then be inflated as the association represents the effects of stress on sys-
temic levels as well as those of dark hair pigmentation on hair cortisol levels. In contrast, 
if light hair is related to higher stress exposure, associations would be deflated. Such 
studies are typically adjusted for ethnicity, however, given that ethnicity assessments 
are imperfect and will not be able to account for all hair color biases, further adjust-
ments for hair color are likely useful. Specifically, polygenic scores are beneficial given 
that their association with hair hormones is partly independent of genetic ancestry. One 
might even consider adjusting for a polygenic score only instead of ethnicity to reduce 
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chances of overadjustment for true stress effects, though some degree of overadjust-
ment may not be avoidable.

Other research situations, in which hair color might cause misleading results, are 
future genome-wide association or heritability studies of hair cortisol. These study de-
signs might find genetic effects for hair cortisol, which could be completely driven by 
hair pigmentation genes and their association with local hair hormone levels. Strategies 
to counter this phenomenon include the exclusion of hair pigmentation genes before 
analysis, adjustments for hair cortisol genes in the analysis, or the examination of the 
linkage disequilibrium between genetic association loci and pigmentation variants after 
analysis.

We used strict adjustments for genetic ancestry in this study. However, residual 
confounding by ancestry cannot be completely ruled out and hair pigmentation may 
remain a marker of ancestry even after controlling for principal components. If this sce-
nario were to explain the observed associations, this study would suggest that adjust-
ments for both principal components and genetic markers of hair color are necessary to 
correct for population stratification in hair cortisol studies. 

The possible implications of this study can be summarized as follows: in genetically 
heterogeneous study populations hair pigmentation bias can reduce power and lead to 
confounded associations. Researchers should therefore consider adjusting analyses by 
(reported) hair color, by polygenic scores or both.
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SUPPLEMENTARY TABLES AND FIGURES

SNP Gene Effect Allele Other Allele Effect Allele 
Frequency

Minor Allele 
Frequency Genotyped R²

rs1042602 TYR C A 0.668 0.332 Yes 1.000

rs1110400* MC1R T C 0.995 0.005 No 0.896

rs11547464* MC1R G A 0.995 0.005 No 0.195

rs12203592 IRF4 C T 0.935 0.065 Yes 1.000

rs12821256 KITLG T C 0.916 0.084 Yes 0.978

rs12896399 SLC24A4 G T 0.614 0.386 Yes 1.000

rs12913832* HERC2 A G 0.570 0.430 No 0.208

rs1393350 TYR G A 0.824 0.176 Yes 1.000

rs16891982 SLC45A2 C G 0.262 0.262 No 0.725

rs1800407 OCA2 C T 0.954 0.046 No 0.471

rs1805005 MC1R G T 0.897 0.103 No 0.460

rs1805006* MC1R C A 0.992 0.008 No 0.193

rs1805007 MC1R C T 0.953 0.047 No 0.763

rs1805008 MC1R C T 0.929 0.071 No 0.789

rs1805009* MC1R G C 0.992 0.008 No 0.340

rs2228479 MC1R G A 0.922 0.078 No 0.910

rs2378249 ASIP A G 0.838 0.162 Yes 1.000

rs2402130 SLC24A4 A G 0.769 0.231 Yes 1.000

rs28777 SLC45A2 A C 0.774 0.226 No 0.696

rs4959270 EXOC2 C A 0.582 0.418 Yes 1.000

rs683 TYRP1 C A 0.474 0.474 No 0.988
rs885479 MC1R G A 0.941 0.059 Yes 0.999

Pigmentations SNPs and Hair Color
Table S1: HIrisPlex SNPs available in Generation R.

* indicates SNPs excluded from analysis due to poor imputation quality and/or low minor allele frequency.
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Predictor Coefficient SE p

(Intercept) 3.18 0.50 3,00E-10

rs885479 0.16 0.07 3,00E-2

rs1805008 0.31 0.07 4,00E-6

rs1805005 0.15 0.08 6,00E-2

rs1805007 0.61 0.08 4,00E-13

rs2228479 0.02 0.06 8,00E-1

rs28777 -0.35 0.07 2,00E-7

rs2402130 -0.05 0.04 3,00E-1

rs12896399 0.09 0.04 2,00E-2

rs1042602 0.09 0.04 2,00E-2

rs1393350 0.10 0.04 3,00E-2

Table S2: Hair Color regressed on pigmentation SNPs in multi-ancestry training sample (n=1565).
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Predictor Coefficient SE p

rs12821256 0.20 0.05 2,00E-4

rs4959270 0.02 0.03 5,00E-1

rs12203592 -0.46 0.06 7,00E-14

rs1800407 -0.14 0.11 2,00E-1

rs2378249 0.05 0.04 2,00E-1

rs683 0.03 0.03 3,00E-1

PCA1 -15.68 0.88 2,00E-64

PCA2 -17.90 1.28 7,00E-42

PCA3 23.81 1.94 5,00E-33

PCA4 11.43 2.34 1,00E-6

PCA5 -2.45 3.05 4,00E-1

PCA6 0.63 3.62 9,00E-1

PCA7 18.45 3.83 2,00E-6

PCA8 -16.77 4.39 1,00E-4

Table S2: (Continued)
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Predictor Coefficient SE p

PCA9 6.22 6.23 3,00E-1

PCA10 1.41 5.43 8,00E-1

PCA11 -2.61 5.27 6,00E-1

PCA12 4.90 5.51 4,00E-1

PCA13 1.49 5.02 8,00E-1

PCA14 8.07 5.00 1,00E-1

PCA15 -7.40 4.61 1,00E-1

PCA16 0.46 4.72 9,00E-1

PCA17 -8.72 4.67 6,00E-2

PCA18 5.98 4.63 2,00E-1

PCA19 10.43 4.72 3,00E-2

PCA20 -3.76 4.56 4,00E-1

Table S2: (Continued)

Regression coefficients indicate increase in 1 level darker hair per number of effect allele.
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V
National Origin n β SE p

 Cortisol

Africa 193 0.22 0.09 1,00E-2

Asia 46 0.29 0.27 3,00E-1

Caribbean 156 0.08 0.11 5,00E-1

Turkey 147 0.17 0.10 8,00E-2

 Cortisone

Africa 185 0.15 0.09 8,00E-2

Asia 43 0.34 0.22 1,00E-1

Caribbean 153 0.24 0.15 1,00E-1

Turkey 141 0.09 0.11 4,00E-1

Table S9: Hair cortisol and cortisone regressed on polygenic score of hair color stratified by na-
tional origin of ethnic minorities

Positive coefficients indicate increases in hormone concentrations. Higher polygenic scores indicate darker 
hair. All models were adjusted for sex, age (in months), corticosteroid use and genetic ancestry.
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Figure S11: Funnel plot showing standardized estimates of 9 SNPs associated with hair cortisol 
against their standard error. White area indicates 95% confidence interval. SNPs not included in 
polygenic score were omitted. Each model was adjusted for sex, age (in months), corticosteroid 
(CS) use and genetic ancestry (PCA).
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ABSTRACT

Cortisol is an important stress hormone affected by a variety of biological and en-
vironmental factors, such as the circadian rhythm, exercise and psychological stress. 
Cortisol is mostly measured using blood or saliva samples. A number of genetic variants 
have been found to contribute to cortisol levels with these methods. While the effects 
of several specific single genetic variants is known, the joint genome-wide contribution 
to cortisol levels is unclear. Our aim was to estimate the amount of cortisol variance 
explained by common single nucleotide polymorphisms, i.e. the SNP heritability, using 
a variety of cortisol measures, cohorts and analysis approaches. We analyzed morning 
plasma (n=5,705) and saliva levels (n=1,717), as well as diurnal saliva levels (n=1,541), in 
the Rotterdam Study using genomic restricted maximum likelihood estimation. Addition-
ally, linkage disequilibrium score regression was fitted on the results of genome-wide 
association studies (GWAS) performed by the CORNET consortium on morning plasma 
cortisol (n=12,597) and saliva cortisol (n=7,703). No significant SNP heritability was de-
tected for any cortisol measure, sample or analysis approach. Point estimates ranged 
from 0% to 9%. Morning plasma cortisol in the CORNET cohorts, the sample with the 
most power, had a 6% [95%CI: 0-13%] SNP heritability. The results consistently sug-
gest a low SNP heritability of these acute and short-term measures of cortisol. The low 
SNP heritability may reflect the substantial environmental and, in particular, situation-
al component of these cortisol measures. Future GWAS will require very large sample 
sizes. Alternatively, more long-term cortisol measures such as hair cortisol samples are 
needed to discover further genetic pathways regulating cortisol concentrations.
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V

INTRODUCTION

Cortisol secretion is regulated by the hypothalamic-pituitary-adrenal axis in re-
sponse to various biological and environmental factors, including physical stressors 
such as intensive resistance exercise1 or injury,2 and psychological stressors such as pub-
lic speaking and demanding cognitive tasks.3 Cortisol secretion has a marked circadian 
rhythm: secretion peaks shortly after awakening and then drops throughout the day, 
reflecting the hormone’s role in regulating energy metabolism.4 Additionally, cortisol 
is secreted rhythmically resulting in a pulsatile ultradian rhythm.5 The combination of 
these factors leads to substantial systematic and unsystematic variation of cortisol lev-
els throughout the day.

Cortisol levels can be assessed with a variety of methods, the most common being 
blood in plasma and saliva samples. Plasma samples represent bound and unbound cor-
tisol concentrations, whereas saliva represents the bioactive free cortisol. These mea-
sures have a modest to good correlation6,7 and have been associated with various traits 
and states: BMI,8 cardiovascular risk factors including hyperglycaemia,9 psychiatric 
disorders, such as post-traumatic stress disorder, schizophrenia or bipolar disorder10,11 
and treatment response to depression.12 Saliva cortisol can be sampled non-invasively, 
which may reduce the chance of inducing stress, makes repeated measurements more 
feasible, and facilitates mapping of day-time profiles. Repeated cortisol measures tend 
to show higher between-visit reliability than single measures at awakening or 8am.13,14

Plasma and saliva cortisol have been investigated in twin studies to determine the 
extent of the genetic contribution underlying the hormone. For acute plasma cortisol 
measures, the estimates range from low (14%) to moderate heritability (45%).15–17 Wüst 
et al.18 reported 0% heritability for acute saliva levels at 8am and total day-time pro-
files, and observed a large contribution of shared environment (>40%). These family 
studies rely on relatedness information obtained from known familiar relationships in-
stead of direct molecular measurements such as SNP arrays. Molecular genetic stud-
ies that can clarify the nature and extent of the genetic effects underlying cortisol are 
lacking, although they could advance our understanding of the genetic contribution to 
stress vulnerability as assessed by cortisol. A genome-wide association study (GWAS) 
by the cortisol network consortium (CORNET) successfully detected and replicated one 
genetic locus associated with morning plasma cortisol levels, suggesting that common 
autosomal gene variants are associated with this phenotype.19 It is plausible that a sub-
stantial number of variants associated with cortisol were not identified due to stringent 
multiple testing corrections required in GWAS. If this is the case, then the joint effect of 
all SNPs should be larger than the variance explained by the locus found (<1%).

In the present study, we aimed to quantify the SNP heritability of cortisol, i.e the 
variance jointly explained by common autosomal single nucleotide polymorphisms. 
The SNP heritability information represents a more direct measure of the genetic pre-
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disposition to high or low cortisol stemming from additive genetic effects of common 
gene variants compared to the broad-sense heritability estimated in family studies. SNP 
heritability can therefore inform future GWA studies about sample size and potential 
success. We focus on cortisol measured in plasma and saliva measured in elderly par-
ticipants from the Rotterdam Study and in mixed ages from the CORNET cohorts. This 
allowed the study of acute morning levels (plasma and saliva) and day-time profiles (sa-
liva) in large sample sizes. SNP heritability can be estimated with different methods. In 
this study we used genomic restricted maximum likelihood estimation (GREML)20 in the 
Rotterdam Study as well as LD score regression in the CORNET GWAS results.

METHODS

Rotterdam Study 

Participants
The Rotterdam Study is a population-based cohort investigating chronic disease and 

their risk factors in elderly, see Hofman et al.21 for details. The Rotterdam Study includes 
14,926 participants aged 45 and older. Study protocols were approved by the medical 
ethics committee according to the Population Study Act Rotterdam Study, executed by 
the Ministry of Health, Welfare and Sports of the Netherlands. Written informed con-
sent was obtained from all participants.

Plasma cortisol information was available in 9836 participants performed in 1997-
2008. For 8501, complete information on genetics was available. 2796 participants 
were removed from GREML analyses due to excessive relatedness (see 2.1.2), resulting 
in a GREML sample of 5705. In the time adjusted analyses, a further 83 were excluded 
due to missing information regarding timing of sampling.

Saliva cortisol was available in 2034 participants of which 1982 had complete data 
on genetics. After removal of 265 participants due to excessive relatedness 1717 in-
dividuals remained with acute saliva level upon awakening. Of those, 1541 had also 
information on later time points for total day-time cortisol computations. See Table 1 
for participant characteristics.

Measurements
Plasma cortisol was collected from 8:00h to 20:00h. 75% of samples were collected 

before 10:30 and 99% before 15:30. Cortisol was measured using the LC-MS/MS meth-
od with the CHS MSMS Steroids Kit (Perkin Elmer, Turku, Finland) containing 2H3-cor-
tisol as internal standard. Chromatographic separation was performed on a Waters 
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(Milford, MA, USA) Acquity UPLC HSS T3 1.8µm column and quantified by tandem mass 
spectrometry using a Xevo TQ-S system (Waters, Milford, MA).

Sarstedt Cortisol Salivette collection tubes (Sarstedt, Rommelsdorf, Germany) were 
used to collect saliva after awakening, 30 min after awakening, at 17:00 and at bedtime 
by the participants.22 Participants were instructed to note the exact time of saliva col-
lection, and not to eat or brush teeth 15min before collection. An enzyme immunoassay 
(IBL International Gmbh Hamburg, Hamburg, Germany) was used to analyze the sam-
ples. We investigated awakening cortisol levels and diurnal cortisol, calculated by the 
area under the curve in respect to ground (AUCg). 

In the Rotterdam Study genotyping was performed using Illumina HumanHap 550v3 
and Illumina HumanHap 610. The genotyped dataset was restricted to persons who 
reported that they were from European descent. Ethnic outliers were further excluded 
by removing samples which showed more than 4SD difference to the study popula-
tion mean on any of the first 4 dimensions of a mutidimensional scaling analysis. We 
also excluded samples with gender mismatch and excess autosomal heterozygosity as 
well as duplicates and monozygotic twins (>97% estimated identity-by-descent propor-
tion). Furthermore, second degree cousins or closer relatives were excluded during the 
GREML analysis by using a GRM cutoff of 0.025 to avoid bias from shared environment. 
MACH 1.0 software was used to impute to ~30M SNPs based on the 1000 genomes 
Phase I version 3 reference panel.23 SNPs included in imputation met the thresholds 
minor allele frequency>=1%, Hardy-Weinberg equilibrium p >10E-06, and a SNP call rate 
>=98.0%.

GREML
SNP heritability of the cortisol measurements in the Rotterdam Study were estimat-

ed using individual level data with GREML, as implemented in Genome-wide Complex 
Trait Analysis (GCTA) 1.25.3.20 GREML quantifies how well the similarity in the genotype 
between study participants explains the similarity in phenotype. Genetic similarity was 
established by computing a genetic relatedness matrix (GRM). We used 8,131,668 im-
puted autosomal SNPs to create the GRM, after filtering for imputation quality (R² > 0.5) 
and minor allele frequency (MAF) >= 0.01. The GRM was specified as a random effect 
predicting cortisol levels. To test whether this genetic effect statistically significantly 
predicts the phenotype, we compared the GRM to a simpler model without the GRM 
using a likelihood ratio test.

Visual examinations of the total genetic effect and residuals using QQ-plots showed 
deviations from normality for the saliva measurements. The distribution was normal 
after square root transformation of hormone levels for saliva cortisol. A constant (+1) 
was added before transformation to avoid zero values. We report results from analyses 
on transformed saliva and untransformed plasma levels. Additionally, we performed 
a power analysis as described by Visscher et al.24 The plasma cortisol GREML analyses 
were well powered to detect 16% heritability (power=80% at α=0.05 and 2E-5 genetic 
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relationship). The power to detect SNP heritability was less in the saliva GREML analyses 
and thus these analyses have less precision. 

Covariates and Confounders
We adjusted the phenotype in all analyses for age, sex and four principal compo-

nents (PC) of ancestry (computed with GCTA). This was achieved by regressing the phe-
notype on the covariates and using the residuals as outcome in the GREML analysis. 
The residuals were computed in R 3.2.3.25 Since plasma cortisol levels were measured 
in three different Rotterdam Study cohorts, a random intercept on the cohort level was 
introduced in the regression model of plasma cortisol using the lme4 1.1-10 package.26

Additionally, we performed a sensitivity analysis with the plasma data aimed at 
reducing the environmental variance. This model was adjusted for time and fitted in 
participants with blood sampling before 11am and no self-reported corticosteroid 
use (n=4,696). To account for non-linear effects, time-of-day was specified using cubic 
splines with three degrees of freedom. The residuals, representing time-adjusted plas-
ma levels, were then used in further GREML analyses. 

CORNET Consortium Plasma and Saliva Cortisol GWAS
Detailed description of the CORNET GWAS on plasma cortisol can be found in Bolton 

et al.19 Briefly, basal morning plasma cortisol was measured in 12,597 participants in 11 
western European cohorts. Blood samples were collected between 7am and 11am and 
analyzed using immunoassays. All participants were at least 17 years old and of Europe-
an ancestry, were not using glucocorticoids, pregnant, or breast feeding. In total 2945 
participants (23%) were included from the Rotterdam Study. However, the measure-
ments were collected in a different study wave than the one used for GREML analyses. 
HapMap-imputed autosomal SNPs were associated with z-scores of log-transformed 
plasma cortisol levels in an age, sex and time adjusted additive model. The SNP effects 
were meta-analyzed with a fixed effect model using inverse-variance weighting. After 
quality control, the data featured 2,660,191 SNPs with minor allele frequency >2%.

In parallel, an additional GWAS of morning saliva levels was performed. This study 
is unpublished and therefore is presented in more detail. Morning (at awakening) sali-
va cortisol was measured in 7,703 participants in 8 cohorts: the British 1958 Birth Co-
hort-Type 1 Diabetes Genetics Consortium (N=1762); the British 1958 Birth Cohort-Well-
come Trust Case-Control Consortium (N=1052);27 the Netherlands Study of Depression 
and Anxiety (N=1220);28 the Netherlands Twin Register (N=162);29 the Rotterdam Study 
I (N=1767); the Rotterdam Study III (N=1119); the Multi-Ethnic Study of Atherosclerosis 
(N=166);30 and the Tracking Adolescents’ Individual Lives Survey (N=455).31 Only awak-
ening samples collected before 11 am were included in the analyses. Participants using 
systemic corticosteroids and pregnant and breast-feeding women were excluded from 
the analyses. All subjects were at least 16 years old and of European ancestry. Details of 
the genotyping and imputation are given in Table S2. Genotype quality control was per-
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formed in each study separately (HWE P-value >10-6, MAF >0.01, SNP-call-rate >95%). A 
z-score was calculated (cortisol at awakening per SD-score in the cohort) to standardize 
cortisol measurements across cohorts. A linear regression analysis was performed on 
z-scores of morning saliva cortisol levels adjusted for sex, age and genetic ancestry (co-
hort specific) using all imputed SNPs.

The meta-analysis was performed with a fixed-effects inverse variance model us-
ing the software METAL.32 In addition to study-specific pre-imputation quality control, 
SNPs with a MAF <0.05 and an observed to expected variance ratio (imputation quality) 
less than 0.3 were excluded at the meta-analysis level. Furthermore, only SNPs with 
information from 4 or more studies were included, resulting in a final SNP number of 
2,156,702 SNPs. Genomic control correction was applied to each study. This GWA morn-
ing cortisol saliva meta-analysis has an overlap with the GREML analysis of 1767 partic-
ipants/measurements (23%) from the Rotterdam Study. QQ and Manhattan plots were 
created with qqman 0.1.4.33

LD Score Regression
LD Score regression exploits the relationship between SNP-Phenotype association 

strengths and linkage disequilibrium (LD) patterns.34 Some SNPs show stronger asso-
ciations than expected due to chance. Assuming true causal effects, the SNPs which 
are in higher linkage disequilibrium (LD) with nearby SNPs are expected to have more 
inflated test statistics, because they are more likely to tag causal variants with stronger 
effects. This makes it possible to use a LD score of a SNP, defined as the sum of r² in a 
1cM region, as a predictor of the association strength in a regression. The variance ex-
plained by the LD score is equivalent to the SNP heritability estimated by GREML. The 
advantage of LD score regression is, that it can be conducted with summary data from 
a GWAS and no individual level information is required. However, this analysis tends to 
have larger standard errors compared to GREML, which uses individual level data and 
thus can test SNP heritability effects directly. 

	 The SNP h² was estimated using LD score regression 1.0.034 in the CORNET 
GWAS data. Since imputation quality can confound LD score regression results, we re-
stricted the analysis to a list of well-imputed SNPs, as recommended by the software 
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authors. After applying default quality control settings (see Table S3), the final SNP num-
ber was 1,028,327 for plasma cortisol and 951,308 for saliva cortisol. 

RESULTS

SNP Heritability
Descriptive statistics of the plasma and saliva cortisol levels can be found in Table 

1. SNP heritability estimates were low for all cortisol measurement methods, analytical 
approaches, and cohorts. See Table 2 for full results.

Plasma Cortisol
We estimated the SNP heritability of plasma cortisol using individual level data of the 

Rotterdam Study (n=5,705) with GREML. In this cohort approximately 1% [95%CI: 0-12%] 
of variance in plasma cortisol could be explained by common autosomal gene variants. 
Adjusting for time of day and excluding participants with plasma cortisol measurements 
after 11am or those using corticosteroids did not meaningfully change results. 

We further investigated the SNP heritability of plasma cortisol in a larger consortium 
sample: the CORNET cohorts (ncohorts= 11, nparticipants=12,597). We applied LD score 
regression to estimate SNP heritability of plasma cortisol across multiple cohorts using 

Cortisol Phenotype

Median Levels in 
nmol/l Median Age in years 

(25%; 75% quantile)
Sex 

(% female)

Median time of 
collection in Hr

(25%; 75% quantile)  (25%; 75% 
quantile)

Plasma 345.6 (281.7;418.1) 63.6 (58.2;72.44) 57% 0942 
(0900;1030)

Saliva (awakening) 13.15 (8.7;18.8) 74.3 (70.5;78.9) 56% 0730 
(0700;0806)

Saliva (AUCg) 7.90 (5.7;10.4) 74.3 (70.5;78.8) 55% -

Table 1: Descriptive statistics of the Rotterdam Study cortisol measurements and participant 
characteristics



283	 SNP heritability of cortisol

V

the summary results of a GWAS meta-analysis. The variance explained for this larger 
sample was also low with 6% [95%CI: 0-13%].

Saliva Cortisol
In addition to plasma cortisol, we estimated the SNP heritability of two saliva cortisol 

phenotypes: awakening and diurnal levels. First, we estimated the variance explained of 
saliva awakening levels in the Rotterdam Study with GREML (n=1,717). The heritability in 
this sample was 9% [95%CI: 0-48%]. Repeating the analysis in the larger CORNET sample 
(ncohorts= 8, nparticipants=7,703) using LD score regression on GWAS meta-analysis 
summary statistics showed a negative heritability estimate (-0.0833). Phenotypes with 
low heritability can be estimated as negative due to sampling variance, which suggests 
population heritability close to 0 and an upper 95% confidence interval of 3%. Finally, 
we estimated the SNP heritability of diurnal cortisol levels (AUCg). These were only 

Cortisol 
Phenotype

Analysis Number of 
SNPs n SNP h² SE p

Method

Main Analyses:

 Plasma GREML 8,131,668 5,705 0.006 0.059 0.460

 Plasma LD Score 1,028,327 12,597 0.061 0.035 -

 Saliva GREML 8,131,668 1,717 0.090 0.200 0.329

 Saliva (AUCg) GREML 8,131,668 1,541 0.041 0.210 0.420

 Saliva LD Score 951,308 7,703 -0.083 0.060 -

Sensitivity Analysis:

 Plasma-11am GREML 8,131,668 4,696 0.000 0.073 0.500

Table 2: SNP Heritability estimates of plasma and saliva cortisol measurements.

Analyses were adjusted for age, sex and ancestry. Plasma cortisol GREML analyses were further adjusted 
for cohort effects. Additionally, a sensitivity analysis with adjustment for time-of-day and a subset of par-
ticipants with measurements before 11am and no reported corticosteroid use is reported (Plasma-11am). 
Negative heritability values can occur for LD score regression analyses due to sampling vaiance.
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available in the Rotterdam Study (n=1,541). In this sample the heritability was estimated 
at 4% [95%CI: 0-45%].

Morning Plasma and Saliva Cortisol GWAS
The CORNET GWAS meta-analysis of plasma cortisol, which was previously pub-

lished,19 identified 4 SNPs in the SERPINA6/SERPINA1 locus, namely rs12589136, 
rs2749527, rs2749529 and rs11621961.

However, no SNP reached genome-wide significance (p < 5*10-8) in the GWAS for 
awakening saliva cortisol. Figure 2 displays a Manhattan plot. Two loci showed sugges-
tive associations (p < 5*10-7). The T allele of rs1170109 (chr13:42779694) was associated 
with a 0.12 SD increase in cortisol levels (SE=0.02, p=3.95*10-7, MAF=12%, n=7,690) with 
a homogeneous effect across the cohorts (I²=0%). Several SNPs from the same locus, 
close to the gene DGKH, showed suggestive effects as well (see Figure 3 for a LocusZoom 
plot35). The locus was not associated with plasma cortisol (β=0.03, SE=0.02, p=0.17, 
I²=0%, n=12,592). In the second locus, the A allele of rs6768297 (chr3:168334386) was 
associated with 0.34 standard deviations (SD) lower cortisol levels (SE=0.06, p=2.01*10-

Figure 1: Quantile-quantile plot of observed -log10 p values vs expected -log10 p values assum-
ing chance findings. Diagonal line indicates a p value distribution compatible with chance finding. 
Upward deviations indicate p values more significant than expected.
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Figure 2: Manhattan plot of -log10 p values vs SNP position. SNPs above the horizontal line indi-
cate suggestive findings (p<5x10-7).

Figrue 3: Regional plot around lead SNP rs1170109. -log10 p values of rs1170109 and other 
top1000 SNPs in the region are displayed color coded for strength of correlation.
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7). Furthermore, the SNP showed a nominally significant (α=0.05) association with 
plasma cortisol in the same direction (β=-0.08, SE=0.03, p=0.01, I²=0%, n=11,441). 
Rs6768297 had a low MAF (6%), high effect heterogeneity (I²=85.5%) and information 
was only available in 40% of the sample (n=3054). None of the four SNPs associated with 
plasma cortisol were associated with saliva cortisol (all p<0.56). 

The LD score intercept was 1.0031 (SE=0.0066) and 1.0085 (SE=0.0073) for the plas-
ma and saliva GWAS, respectively, suggesting no inflation due to population stratifica-
tion. The QQ plots also showed no problematic inflation (see Figure 1 for saliva).

DISCUSSION

The low heritability of plasma cortisol in two large samples estimated by two differ-
ent approaches strongly suggests that plasma cortisol is not substantially affected by 
the additive effects of autosomal SNPs. The same conclusion can be drawn for morning 
saliva cortisol, which was also estimated by two analytical approaches, and to a lesser 
extent for diurnal cortisol. 

No SNP reached genome-wide significance in a GWAS of morning saliva cortisol lev-
els, which is expected for traits with low SNP heritability analyzed in relatively small 
samples. Two loci showed suggestive associations. Interestingly, one top SNP rs6768297 
lies within the EGFEM1P gene, which has a high and specific expression in the pituitary 
according to RNA expression data (1.5 reads per kilobase per million).36,37 Furthermore, 
the SNP showed a nominally significant association with plasma cortisol in the same 
direction as saliva cortisol. 

However, the lack of genome-wide significance, low sample size, low MAF and high 
effect heterogeneity also cast doubt as to whether the rs6768297 association with cor-
tisol would replicate in a completely independent sample. The SERPINA6/SERPINA1 lo-
cus identified in the plasma cortisol GWAS19 appears to be specific to plasma cortisol 
levels.

The results are consistent with phenotypic studies indicating that only a small pro-
portion of cortisol variance shows a stable trait-like pattern. In three different studies 
Ross et al.38 found that 44.4%-75.5% of total day-time cortisol output variance was un-
der day-to-day fluctuations. Studying children through ages 9-15, Shirtcliff et al.39 found 
that situation-specific environmental influences can explain 52% of cortisol variance 
(excluding circadian rhythm). The authors conclude that only 13% of the cortisol vari-
ance at a given time shows trait-like stability over the years, which coincides with the 
upper confidence intervals found for the heritability of acute plasma levels. These stud-
ies highlight the fact that cortisol secretion and metabolism is a highly dynamic process 
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adapting to not only short-term, but also long-term situational contexts, which results 
in considerable “noise” in genetic studies. 

This notion is supported by the low heritability of the diurnal cortisol measurements. 
Reducing the within-day variation appears to be insufficient to reduce the contextual 
noise. This conclusion is further supported by the small effect adjusting for time-of-day 
had on the plasma cortisol estimates and the low heritability of awakening saliva corti-
sol. The latter has a precise circadian definition, though sampling can be difficult to time 
in a home environment. Furthermore, after excluding participants with plasma cortisol 
measurements after 11am and corticosteroid use, heritability estimates remained un-
der 1%.

Interestingly, long-term associations between single cortisol measures in adulthood 
and psychosocial problems and adversities in childhood have been found.40,41 The vari-
ability might thus reflect environmental exposures, but for genetic studies more long-
term profiles of cortisol may be needed. These can be measured using hair samples, 
which might represent more trait-like effects with less environmental influence.42,43 
However, long-term environmental contexts spanning months or years also contribute 
to the cortisol variance and it is unclear yet to what extent 3 to 6 month measurements 
shall reduce environmental noise.

Therefore there may not be a single simplistic genomic heritability of cortisol levels. 
It is tempting to speculate that the heritability of other cortisol phenotypes is higher. 
Indeed the reliability of, for example, the total daily cortisol values (AUCg) is higher than 
single morning samples,13,14 but it represents a distinct feature of the cortisol secretion 
pattern. The cortisol awakening response or diurnal slopes are two other examples of 
characterizing diurnal changes. These may show a different balance of genetic and en-
vironmental influences than total daily values or hair cortisol. The awakening response 
or diurnal slopes may show higher heritability than the tested phenotypes, though, it 
should be noted that they show less stability than total daily output.38 Another poten-
tially interesting phenotype is cortisol reactivity to various stressors. Here again the 
heritability may be different and may even change depending on the stressor. Unfortu-
nately, sample sizes for stress reactivity will likely be smaller. Future research is required 
to determine the SNP heritability of these alternative phenotypes and characterize po-
tential differences between them, although this may be a challenging research field.

The very low diurnal cortisol heritability is in line with a twin-study reporting no 
genetic effects for day-time profiles.18 The same study found a non-significant herita-
bility of 26% for awakening cortisol, which is compatible with the non-significant point 
estimate of 9% SNP heritability in the GREML analysis. Further, the observed 0% to 6% 
SNP heritability for (mostly morning) plasma and saliva levels (LD score regression) are 
similar to the 0% and 14% twin heritabilities reported for saliva and plasma morning 
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levels.15,18 However, they show a substantial difference to twin studies finding a 45% 
heritability of acute plasma levels.16,17 

SNP heritability is expected to be lower than twin heritability, since this estimate 
does not include the effects of rare, structural and X-linked variants, which are captured 
in twin studies. Gene-gene and gene-environment interactions can also substantially 
increase standard twin heritability estimates.44 Alternatively, 45% twin heritability of 
acute cortisol measurements might be an overestimation, which would be consistent 
with the fact that the twin studies are highly inconsistent.

The LD score regression and GREML analysis of plasma cortisol in the CORNET and 
Rotterdam Study samples had good power to detect modest heritability. The negative 
findings in addition to the convergent evidence from the smaller saliva cortisol samples 
suggest that acute cortisol measures have low SNP heritability. However, the evidence 
is less clear for day-time profiles. These were only available in a small sample and have 
very wide confidence intervals, thus firm conclusions cannot be made. Another lim-
itation is that the CORNET and Rotterdam Study data have an overlap in participants 
of approximately 20%. The samples were thus not completely independent. However, 
considering that the majority of the observations did not overlap and the measure-
ments were taken at different times and assessed in different laboratories, the data 
nevertheless support robustness of the largely negative results.

The findings suggest that common autosomal SNPs are poor predictors of acute 
cortisol levels. However, predictive power is not equal to importance. Crucial cortisol 
regulating loci are highly conserved: mammals and fish have a similar stress physiology. 
Among others, corticotrophin-releasing hormone genes are orthogonal with substan-
tial overlap in amino acid identity.45 This highlights the importance of cortisol related 
genes, but also suggests that natural selection restricts the amount of variation and 
in turn effect sizes and predictive power. This may suggest, that if SNPs are identified 
despite the low SNP heritability, such as SNPs of the SERPINA6/SERPINA1 locus in the 
plasma cortisol GWAS, they are all the more important.

Unfortunately, it follows from the presented results, that detecting these SNPs will 
be difficult. Since most SNPs are expected to have a relatively low predictive contribu-
tion compared to the environment and stochastic factors, very large sample sizes are 
probably required to discover further loci. Given the apparent importance of cortisol 
genetics, GWAS seems nevertheless a worthwhile endeavor to uncover further cortisol 
related biological pathways.
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SUPPLEMENTAL TABLES

Study n Men (%) Age in years Cortisol (nmol/l) Sampling 
clock time

M (SD) Range M (SD) Range Hr

Plasma Cortisol

ORCADES 886 45 53.5(15.7) 17-97 765 (315) Nov-41 0830-1030

CROATIA-Korcula 898 36 56.2 (13.9) 18-98 698 (207) 59-815 0800-0900

CROATIA-Split 496 43 45.0 (14.7) 18-85 979 (404) 94-2831 0730-0900

CROATIA-Vis 892 44 56.4 (15.5) 18-93 622 (230) 64-1820 0730-0900

RS1 2945 45 71.9 (7.0) 61-105 305 (94) 5-679 0800-1100

HBCS1934-44 451 36 60.61 (2.80) 56-67 393 (120) 125-990 0750-1055

NFBC1966 1192 0 31(0) n/a 380 (160) 40-2370 0800-1100

ALSPAC 1567 50 15.43 (0.26) 14-17 486 (174) 58-1683 0800-1057

InChianti 1210 45 68.3 (15.6) 21-102 375 (135) 19-1291 Before 0900

PIVUS 919 50 70.2 (0.17) 69-72 386 (125) 31-930 0800-1000

PREVEND 1151 51 49.4 (13.0) 28-75 442 (201) 20-1734 0800-1100

Saliva Cortisol

B58C-T1DGC 1762 49 45.3 (0.34) 45-46 21.1 (10.4) 3.7-61.6 0500-1100

B58C-WTCCC 1052 49 44.9 (0.35) 45- 46 21.0 (9.8) 3.7-60.8 0500-1100

NESDA 1220 33 43.5 (12.5) 18-65 17.3 (7.98) 2.0-66.6 0250-1100

NTR 162 29 29.4 (12.4) 14-75 15.8 (7.4) 2.0-46.0 0800-1100

RS1 1767 44 75.0 (5.8) 65-98 14.6 (8.5) 0.0-60.1 0248-1100

RS3 1119 43 55.3 (4.8) 46-69 14.8 (8.7) 0.7-72.0 0500-1100

MESA 166 50 67.5 (10.3) 49-90 16.2 (9.3) 2.6-89.8 Before 1100

TRAILS 455 47 16.1 (0.6) 14-17 10.9 (6.5) 1.0-112.0 0300-1100

Table S1: Sample characteristics for CORNET cohorts participating in plasma cortisol GWAS (from 
Bolton et al. (2014)) and saliva cortisol GWAS.

Reference: Bolton, J.L., Hayward, C., Direk, N., Lewis, J.G., Hammond, G.L., Hill, L.A., Anderson, A., Huffman, 
J., Wilson, J.F., Campbell, H., Rudan, I., Wright, A., Hastie, N., Wild, S.H., Velders, F.P., Hofman, A., Uitterlin-
den, A.G., Lahti, J., Räikkönen, K., Kajantie, E., Widen, E., Palotie, A., Eriksson, J.G., Kaakinen, M., Järvelin, 
M.-R., Timpson, N.J., Davey Smith, G., Ring, S.M., Evans, D.M., St Pourcain, B., Tanaka, T., Milaneschi, Y., 
Bandinelli, S., Ferrucci, L., van der Harst, P., Rosmalen, J.G.M., Bakker, S.J.L., Verweij, N., Dullaart, R.P.F., 
Mahajan, A., Lindgren, C.M., Morris, A., Lind, L., Ingelsson, E., Anderson, L.N., Pennell, C.E., Lye, S.J., Mat-
thews, S.G., Eriksson, J., Mellstrom, D., Ohlsson, C., Price, J.F., Strachan, M.W.J., Reynolds, R.M., Tiemeier, H., 
Walker, B.R., 2014. Genome wide association identifies common variants at the SERPINA6/SERPINA1 locus 
influencing plasma cortisol and corticosteroid binding globulin. PLoS Genet. 10, e1004474. doi:10.1371/
journal.pgen.1004474 
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Study N Genotyping Platform Calling 

Algorithm Reference Panel

B58C-T1DGC 1762 Ill 550K Illuminus HapMap release 21 CEU 
(build 35)

B58C-WTCCC 1052 Aff 500K Chiamo HapMap release 21 CEU 
(build 35)

NESDA 1220 Perlegen 600K Birdseed HapMap release 22 CEU 
(build 36)

NTR 162 Perlegen 600K Beadstudio HapMap release 22 CEU 
(build 36)

RS1 1767 Ilumina Human Map 
550K Beadstudio HapMap release 22 CEU 

(build 36)

RS3 1119 Illumina Human Map 
610K Beadstudio HapMap release 22 CEU 

(build 36)

MESA 166 Aff 6.0 Birdseed HapMap release 24 CEU 
(build 36)

TRAILS 455 Illumina BeadStation 
500 Beadstudio HapMap release 22 CEU 

(build 36)

Table S2: Morning Saliva GWAS: genotyping methods per cohort
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QC step Plasma Saliva

Original SNP number 2,660,191 2,472,180

Overlap well-imputed SNP List - 1,517,683 - 1,398,157

Missing Values 0 0

MAF <= 0.01 0 0

Out-of-bounds p-values 0 0

Strand-ambiguity -7 -4

Duplicated SNPs 0 0

Low sample size -113,994 -122,663

Mismatched alleles -29 -23

Missing LD scores -151 -24

Final SNP number 1,028,327 951,308

Table S3: Quality Control (QC) applied to SNPs before LD score regression
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GENERAL DISCUSSION

In this thesis I investigated the etiology and biological correlates of general psycho-
pathology, DNA methylation in relation to ADHD symptoms and the genetics and bias-
es of cortisol measurements. The studies confirmed some of our hypothesis, rejected 
others and produced some unexpected results. In the following the findings of each 
chapter will be summarized and interpreted. I will then discuss methodological con-
siderations, followed by clinical implications and a thesis summary. Rather than bore 
the readers and repeat the discussion provided in previous chapters, I selected several 
findings for more in depth considerations.

Chapter III
In chapter III.A we investigated the association of parental age at delivery with child 

internalizing and externalizing symptoms in school-age. This study rejects the hypoth-
esis that parental age is linked to internalizing problems. The conclusions was highly 
consistent across all four cohorts participating in the study. It appears that parental age 
either does not have adverse impacts or that the biological aspects of parental are com-
pensated by other associated factors. A natural candidate for compensation would be 
better socioeconomic status (SES) with higher age, though adjustment for indicators of 
SES did not change conclusions. Surprisingly, higher parental age had beneficial associ-
ations with externalizing problems. Again, adjusting for SES did not change conclusions. 
Since the associations were only present for externalizing symptoms, one may conclude 
that the parental age effects are exclusive to externalizing disorders. However, without 
testing general psychopathology factor models, this conclusion may be premature as 
chapter III.5 teaches us. Using an internalizing/externalizing model without including 
the general psychopathology factor did not suggest any associations in that chapter, 
while associations with general and specific externalizing factors were detected using a 
general psychopathology factor model. Thus, parental age may also be associated with 
internalizing symptoms indirectly via general psychopathology, but future research is 
needed to investigate this possibility.

Chapters III.B and III.C and III.E introduced general psychopathology factors based 
on multiple informants in school-aged children. These models were first evaluated 
based on fit statistics, i.e. measures of how well they explain the observed correlation 
between the symptom scores. Then the psychopathology factors associated were asso-
ciated with external predictors, childhood correlates and adolescence/adulthood out-
comes. Specifically we tested associations with single nucleotide polymorphism, white 
matter integrity at age 10, school achievement test results, and with criminal behavior  
in adulthood, problem drinking, wellbeing and psychiatric diagnoses.

 In general, we found that child psychiatric symptoms can be modeled as a conse-
quence of both general and specific factors, as models including both general psycho-
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pathology factor and specific factors (internalizing, externalizing/attention) simultane-
ously better explain the correlation between symptom scores compared to models of 
general or domain specific factors only. This finding was consistent among three cohorts 
of the DREAM BIG consortium. Importantly, we demonstrated that these latent factors 
have meaningful biological correlates and predictive validity. The general psychopa-
thology was associated with single nucleotide polymorphisms (which explained 36% of 
its variance) and with less concurrent white matter integrity. General psychopathology 
had also predictive power, as children with higher levels of general psychopathology in 
childhood had a higher risk of depression in adulthood, lower well-being, more problem 
drinking and lower grades on high school completion exams.

At the beginning of this PhD project the bifactor models of psychopathology had 
been already tested in several cohorts, with the consistent result that the bifactor mod-
el has better fit than traditional models of psychopathology with correlated domain 
specific latent variables.1-3 In other words, adding a general psychopathology factor to 
a traditional internalizing/externalizing model, better explained co-occurrence of psy-
chiatric symptoms than only accounting for the shared variance of internalizing and ex-
ternalizing factors by a correlation. However, several concerns questioned the validity 
of these studies. One concern was that shared method variance inflated fit statistics. 
Early papers, e.g.1,2,4, fitted bifactor models to observations by a single informant. It 
is therefore likely that consistent ratings across all symptoms was not only due to real 
co-occurrence of symptoms, but also tendencies of the informant to rate higher or low-
er regardless of domain. Second, Bonifay & Cai5 argue that bifactor models tend to 
have a bias towards better fit statistics. Fit indices do not appropriately account for the 
increase in functional complexity, the increased flexibility of bifactor models to fit any 
data independent of the number of parameters. Third, some researchers propose that 
bifactor models actually reflect network models.6 In network models different symp-
toms can influence each other and do not necessarily originate from common factors.

In regards to the first concern about shared method variance, the risks should be re-
duced in this thesis, because all general psychopathology factors models were based on 
multiple informants and assessment time points (see methodological considerations for 
more further discussion). This protects against shared method variance in several ways. 
By having repeated measurements, in some cases with different instruments, acute sit-
uational biases affecting all symptom rating are averaged out, under the assumption 
that there is no systematic bias across time. An example would be a parent who is upset 
and frustrated about the child on the day of the assessment. This could lead to the par-
ent rating all items indiscriminately higher without paying much attention to the specific 
questions asked. Ratings from multiple informants can also reduce the effect of time 
invariant biases, such as an overly concerned parent always rating any symptom high-
er independent of the behavior of the child. Higher ratings across multiple symptoms 
would only be taken into account if they are consistent among multiple informants. 
While our multi-informant approach is arguably an improvement over single-informant 



300 Chapter VI

designs, it also has some limitations. On the one hand, it does not protect against biases 
inherent to any informant, such as being more sensitive to noticing any kind of symptom 
if a specific symptom has previously occurred. On the other hand, the multi-informant 
approach may also be too stringent and adjust for unique insights each informant has, 
as only consistent rating are taken into account.

 As for the second point, that conventional fit criteria are inadequate to account for 
bifactor models’ functional complexity: whatever fit criteria is used, the choice of the 
best model cannot be judged based on statistical measures of fit alone. It is import-
ant to validate any construct with external variables, preferably with variables which 
can be objectively measured. In this thesis, we found that general psychopathology is 
associated with common SNPs, as well as with global white matter integrity. The use-
fulness of the general psychopathology model is especially apparent in the latter case, 
as white matter integrity did not associate with the traditional psychopathology factors 
internalizing, externalizing and attention. Thus one could have come to the erroneous 
conclusion that global white matter is not associated with psychopathology when an-
alyzing psychopathology domains separately, while using a general psychopathology 
factor model the conclusion is that all these domains are in fact indirectly associated 
through general effects on general psychopathology.

The last concern, that the actual structure of psychopathology is a network and 
psychopathology is not the direct result of a general psychopathology factor is harder 
to refute. If psychopathology is best represented by network mechanisms, a bifactor 
model would still fit well. As an example, it is conceivable that emotional reactivity 
makes one more likely to react with aggression to a stressor. However, aggression may 
in turn lead to social repercussions, which may affect depressive symptoms, leading yet 
again to higher emotional reactivity. A bifactor model may suggest a general psychopa-
thology factor underlying all three symptoms, even though in the example aggression 
and depression are not caused independently but result from one preceding symptom. 
To distinguish which model, common factor or network, better describes psychiatric 
disorders is highly challenging. However, even if psychopathology follows a network 
structure, bifactor models may still be highly useful, if a simplification. The relationship 
between latent variable models should perhaps be not understood as necessarily direct 
and independent, but perhaps should be interpreted more flexibly, as there might be 
mediation and feedback mechanisms between the items. While for a complete picture 
network modeling may be necessary, the demands for data with high temporal res-
olution and complexities in analysis, may make latent factor models a more practical 
choice for many study designs. For instance, latent variable models are well suited for 
genetic studies, as feedback on genetic variants from psychopathology is impossible. 
Furthermore, not all research question necessarily require insights whether an expo-
sure impacts symptoms directly or via other symptoms.

In chapter III.3, we found that single nucleotide polymorphisms explained 36% of 
the general psychopathology factor variance (SNP heritability). To identify the specific 
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loci involved, we performed a genome-wide association study of a total psychiatric sum 
score, as a proxy of a general psychopathology factor (chapter III.4). We did not identify 
any specific SNPs associations in the genome-wide association study of total psychiatric 
problems. This does not necessarily contradict the hypothesis that SNPs are associated 
with general psychopathology, as the SNP hertability was 8.4%, but it does demon-
strate that even sample sizes of almost 30,000 participants are not sufficient to detect 
SNP specific effects. Using gene-based tests, we did, however, identify the myotonic 
dystrophy (DM1) gene cluster as associated with total child psychiatric problems. While 
this locus is known for a rare mutation leading to a correspondingly rare neuromuscular 
disorder, common variants in this variant appear to have consequences. While com-
mon complex genetic traits and rare genetic disorders are often viewed as separates 
research lines, this example highlights, that both fields can potentially inform each oth-
er. Genetic correlation analyses confirmed that common psychiatric disorders co-occur 
in part due to shared genetic effects. Curiously, that less common psychiatric disorders 
such as schizophrenia or bipolar disorder co-occur due to shared genetic risk with com-
mon disorders was not confirmed. As these disorders are very rare in childhood, they 
were not represented well in any of the general psychopathology factor models. How-
ever, other studies in adulthood did include psychotic and manic symptoms,2 and found 
that disorders, such as schizophrenia load on general psychopathology as well. It there-
fore appears on first glance that the genetic correlations do not follow the phenotypic 
co-occurrence. In other words, an individual with e.g. depression is more likely to also 
suffer from schizophrenia at some point in their life compared to an individual with no 
psychopathology. On the other hand, genetic risk for common child psychiatric symp-
toms appears to not predict a higher chance for psychotic symptoms. Thus, the co-oc-
currence of common and less common symptoms such as depression and schizophrenia 
must be due to a common environmental cause. However, a perhaps more likely expla-
nation for the discrepancy is that a total psychiatric sum score in childhood is not the 
best measure of truly general psychopathology and needs to include measurements 
of thought disorder symptoms at later ages. This observation makes the high genetic 
correlations with other traits, such as smoking behavior, body fat and intelligence even 
more remarkable, as they were not included in the computation of the total psychiatric 
sum score. This implies, that a genetic risk for total child psychiatric problems is also a 
risk for many other medical problems, as the genetic risk for child psychopathology ap-
pears to also affect health related behaviors, such as smoking or overeating, which then 
could result in poorer mental and physical health.

Chapter IV
Next to new insights into general psychopathology, we investigated the epigenetics of 

ADHD examining methylation profiles at birth and school age using an epigenome-wide 
association study. We identified 9 genome-wide significant probes, which were differ-
entially methylated at birth but not at school-age. Two of the probes lie in the genes 
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ERC2 and CREB5. Both are expressed in the brain and related to neural functioning or 
development. ERC2 regulates neurotransmitter release and CREB5 has important neur-
ite growth functions. In addition, CREB5 has been previously associated with ADHD. Due 
to the role in neural functioning, both probes are interesting candidates for etiologically 
relevant epigenetic regulations of ADHD symptoms. The association of these probes 
did not persist into school-age, in fact, no probe reached genome-wide significance at 
school-age. As discussed in Chapter IV, the overall signal of school-age methylation was 
lower than birth methylation, despite similar sample size. This observation was report-
ed before for ADHD,7 thus it seems to be a robust finding for this disorder. However, it 
is much less clear whether cord blood methylation has also a stronger signal for other 
symptoms. ADHD is a neurodevelopmental disorder with onset in early childhood. It 
may therefore be, that ADHD symptoms are more sensitive to early prenatal exposures, 
which are reflected by cord blood methylation or directly caused by perinatal DNA 
methylation profiles, than other symptoms. However, while other disorders, such as 
depression or thought disorders commonly have their incidence in adolescence or later, 
this does not exclude them from being influenced by early exposures. It could be that 
methylation profiles at birth are more important than at other timepoints for psycho-
pathology in general. If this were the case, what are the consequences for the design of 
epigenetic studies and the choice of assessment periods?

On the one hand, cord blood methylation appears to have a better price to cost ra-
tio, as under the above assumptions we can expect to find more differentially methylat-
ed regions given the same number of arrays. On the other hand, one of the promises of 
DNA methylation research is that changes in methylation could illuminate the biological 
pathways linking postnatal environment to psychopathology. This latter issue can only 
be addressed by repeated measurements throughout the lifespan. As DNA methylation 
arrays remain more costly than genetic arrays, it may for now be worthwhile to con-
centrate on birth methylations. Yet the case could be made that investigating biological 
mediation of environmental risks is of particular importance, and that this challenge 
should be taken up even if the bar is higher.

Chapter V
In chapter V.1 we investigated, whether polygenic scores of hair color could predict 

cortisol levels in hair to assess whether hair color may bias cortisol measurement using 
hair samples. Indeed, we observed that darker hair is associated with higher cortisol lev-
els independent of genetic ancestry. In chapter V.2 we investigated the SNP heritability 
of acute saliva and cortisol measures. Neither morning levels nor total day output were 
related to common single nucleotide polymorphisms.

 It was surprising how difficult it is to study the genetics of cortisol. Psychiatry and 
psychology are often criticized as being a highly subjective field with questionable un-
verifiable constructs. Within the field the notion exists that objectively measured en-
dophenotypes can facilitate genetic research, as endophenotypes are “closer” to ge-
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netics and thus lead to more scientific successes.8 However, in our studies and others, 
subjective measures of psychopathology in most cases show consistently higher SNP 
heritability than 6%, i.e. the SNP heritability of acute plasma cortisol levels. Plasma cor-
tisol were objectively measured and considered biological, yet the heritability ranged 
from 0 to 6% depending on the sample and method.

Perhaps more stable measures of cortisol, which are not as responsive to acute sit-
uational contexts, are needed to improve the so far somewhat inconsistent study of 
cortisol genetics. Hair cortisol samples are an interesting candidate for long-term pro-
files. However, as shown in chapter V.1, cortisol measurements in hair are biased by the 
darkness of hair color. This makes genome-wide analyses difficult, as researchers have 
to exclude SNPs in linkage disequilibrium with hair color coding genes. In addition, hair 
samples may not represent months-long exposures as is often claimed, but may be bi-
ased by acute events.9 Finally, it is not a given that basal levels of cortisol are relevant for 
child psychiatry. In unpublished analyses, we associated hair cortisol with general and 
specific psychopathology factors in a structural equation model, similar to the white 
matter integrity models. In these analyses we were not able to detect any associations 
between hair cortisol and child psychopathology. Perhaps cortisol reactivity to stress is 
more relevant to psychopathology than basal levels, with several studies finding asso-
ciations between cortisol reactivity to stressors and concurrent or later psychopathol-
ogy.10,11

Methodological considerations

Method factors in multi-informant/method models
The use of multiple informants, methods and assessment timepoints is important 

to account for shared method bias and to increase precision. Shared method bias oc-
curs when predictor and outcome are measured with the same method, in the case of 
questionnaire data with the same questionnaire or the same informant. This poses the 
danger that a bias inherent to the same questionnaire/informant is present for both the 
predictor and outcome, creating spurious associations, which are actually just an indi-
cation of shared bias. An example would be the association of child and parent psycho-
pathology using parental ratings for both.12 This problem can also affect latent factor 
models, as they are fitted to the covariance of two variables, which may be inflated due 
to shared variance biases.

However, while the theoretical advantages of using multiple informants are quite 
clear, the actual implementation is much less so. A simple approach is to take the av-
erage of two or more informants, however, this ignores the possibility that some items 
or scales are affected more by bias than others, possible resulting in overadjustment 
for some items and underadjustment for others. Another possibility is the use of latent 
factors, as used in this dissertation with two variations. In chapter III.2 we introduce 
latent informant factors, which load on an all items rated by the same informant. In 
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chapter III.3 and III.5 however, we use context factors which load on items stemming 
from a single rating context, i.e. from the same informant, timepoint and same instru-
ment. These method factors explain a substantial symptom variance with either ap-
proach, typically even more than the actual psychopathology factors. For example, in 
the white matter integrity model, maternal ratings at age 6 had loadings between 0.39 
and 0.59 on the general psychopathology factor. The loadings on the rating context fac-
tor were between 0.32 and 0.69. Interestingly, in both cases the subscale summarizing 
“other” items had the highest loading, suggesting that ratings on this scale are at the 
same time representative of general psychopathology factor but also context bias. The 
comparable loading between psychopathology and method factors highlights the pres-
ence of a large disagreement between raters, timepoints and instruments. It should be 
noted that this disagreement does not necessarily reflect the unreliability of the rater, 
as different raters may have different unique insights or some ages and instruments 
may be better suited to assess psychopathology. Therefore great care must be taken in 
how rating biases are corrected, as different method factors can have large impacts on 
the model. The models in chapter III.2 and III.3 can be easily compared as they mostly 
differ in how the method factors are defined. Defining the method factors on the in-
formant level caused a bigger suppression of loadings on the psychopathology factors 
than defining the method factors on more narrower rating contexts (ratings from one 
informant with one instrument at one time-point). The first approach has a more strict 
control for informant effects, as these are expected to persist between instruments 
and time points. However, because most items in the age 6-8 years models used in III.2 
and III.3 are based on mother report, there was a risk that the mother factor forms a 
competing general psychopathology factor instead of just covering biases. It would thus 
strengthen this multi-informant approach, if the number of items from the different in-
formants were more balanced. This can be difficult though, as not all informant can rate 
all items. Alternatively, it may be also possible to designate the mother report as refer-
ence method, as proposed in CT-C(M-1) methods13, and leave out the method factor for 
maternally rated items. All other method factors would then estimate the disagreement 
with the mother ratings. However, while there is an argument to be made that mothers 
spend most time with the children in many families and thus may have the best insight, 
mother ratings suffer from biases as well and therefore require correction. 

Interestingly, the choice of method factor approach had great impact on the covari-
ance between the specific factors. Using informant factors, the covariance is negligible, 
but with context factors the correlation is substantial. It is unclear to me where this dif-
ference stems from. One possibility is that by comprising all items from one rater across 
multiple instruments and time points, the method factor become a competing general 
psychopathology factor, reflecting the unique insight of an informant. Additionally, it 
may be that informant based method factors reflect the informant’s general psycho-
pathology, which in case of parental rating is related to the child’s general psychopa-
thology. Both situations imply that the specific psychopathology factors potentially are 
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more strictly defined in this case than if the method factors are based on single rating 
contexts.

 In the future, it would be advantageous to have separate method factors for infor-
mants, instrument and timepoint. However, such a model with effectively four levels is 
likely too complex and more prone to overfitting and convergence problems. However, 
with a large enough sample size and with an exhaustive study design which covers all 
combinations of rater, instrument and time-point this may be possible. Such a design 
would be beneficial even with simpler method adjustments. It may be also interesting 
to relate the method factors to biological correlates to examine to which degree they 
may contain substantive psychopathology information, which is not simply bias. For 
example, one could explore whether parental genetic risk for psychopathology explains 
the parents’ method factors and whether the genetic risk was transmitted to the chil-
dren. 

Effect sizes in epidemiology
This dissertation presents many statistically significant results, but generally low ef-

fect sizes. For instance, the top CpG site associated with ADHD explained 0.25% of the 
variance in the Generation R Study, global white matter explains about 0.49% of the 
general psychopathology variance, and maternal age at most 0.66% of externalizing 
behavior. At first glance, one could therefore conclude that this thesis largely identified 
correlates of psychopathology with little relevance and these factors are not worth con-
sidering further in the quest to explain the development of child psychopathology. The 
notion, that the medical field should disregard results which are statistically significant 
but have low effect sizes makes sense in the context of randomized controlled trials 
testing intervention. If a medical doctor needs to decide which treatment to prescribe, 
it is important to choose one which provides a meaningful change to the patient. Oth-
erwise, the costs and risk associated with any intervention may outweigh the benefits. 
However, in the case of epidemiological research, where the focus is on etiology, it 
is much less clear what constitutes the threshold for relevance. There are no risks to 
weigh against and no decision of one treatment against another: many different risk 
factors could and probably do act jointly to cause psychiatric symptoms. This phenom-
enon can be demonstrated and is well accepted in psychiatric genetics. The top SNP 
in the GWAS of total psychiatric symptoms alone only explains 0.09% of the variance. 
However, the overall SNP heritability is estimated at 8.4%. This is comparable to other 
GWASs of continuous traits, such as depression (top SNP explained 0.03% with a SNP 
heritability of 4.7%) or neuroticism (top SNP explained 0.04% with a SNP heritability of 
9.1%).14 Thus while, the effects of single SNPs appear small, the effects add up to mean-
ingful proportions.

Could the same logic be applied to non-genetic data? On the one hand, genetic 
variables, such as variation in SNPs, do not suffer from reverse causality biases, and 
confounding biases are assumed to be more limited. However, there are three notable 
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exceptions: population stratification, gene-environment correlations and collider bias. 
Population stratification occurs, when environmental influences on a phenotype differ 
between participants of different ancestries. Those genetic variants which differ in fre-
quency between ancestries then are a marker for environmental differences and are 
thus only spuriously associated with the phenotype. Several methods are applied to 
adjust for population stratification, including stratified analysis, principal component 
adjustment or linear mixed models. Population stratification can be seen as a specific 
example of gene-environment correlation, though many other examples can be thought 
of. For instance, as parents and child share genotype, a child’s genotype may also be a 
marker for the parenting abilities of their parents, and thus a marker for an environ-
mental influence.15 Finally, collider bias can occur, if selections are occuring depending 
on both the phenotype levels and genotype. This could e.g. occur for those participants 
who have both the highest genetic risk for psychopathology and higher levels of psycho-
pathology, as they are more likely to not participate as individuals only having genetic 
risk or actual high levels, potentially because they have the highest burden of adverse 
conditions.16

 Non-genetic variables come with an even higher risk of confounding in epidemio-
logical studies and often contain the effects of multiple factors. Also, reverse causality is 
often a challenge, which can be ruled out in genetic studies. These issues are controlled 
for in experimental studies, so these could provide some orientation with regard to 
what effect sizes to expect. Previous reviews of experimental psychology studies found 
that the average correlation is 0.21 (SD = 0.15) between experimental condition and 
psychological outcome, which is equivalent to an explained variance 4.41%. When inter-
preting these effect sizes, one should keep in mind that experimental studies test acute 
effects with experimental conditions chosen strong enough (and as a consequence 
arguably become unrealistic and non-generalizable) to ellicit meaningful changes. This 
is in contrast to observational studies in general populations, where the determinants 
have naturally occurring distributions and outcomes are often the effects of long-term 
exposures. In addition, in order to control for confounding variables, determinants are 
adjusted for potential confounders. In the process, only the independent effects re-
main, but some of the effects shared with the confounder may represent true effects, 
which are lost. Thus, the more adjusted an analysis in an observational study is, the low-
er the expected effect size. This is a problem that experimental studies do not face. All 
in all, we therefore expect lower effect sizes in observational studies than in experimen-
tal studies. Given that experimental studies in psychology typically tend to have low 
effect sizes, it would be probably unlikely that we would find single causes of psychiatric 
symptoms explaining the majority of cases. It follows that it is necessary for non-genetic 
studies to identify as many determinants as possible, regardless of their effect size, and 
investigate their joint effect. For example, in the global white matter model of gener-
al psychopathology adjusted for maternal psychopathology, the most independently 
associated variable was maternal interpersonal sensitivity, explaining 3.6% of the gen-
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eral psychopathology factor score variance. However, the whole model explains 28.4% 
(10-fold cross-validated R2, with 100 repetitions), illustrating that the aggregation of 
relatively few variables (19) can explain a quarter of general psychopathology. Finally, 
intervention strategies based on epidemiological insights may be optimized to achieve 
larger effect sizes compared to the naturally occurring exposure. In conclusion, research 
should expect that properly confounding controlled variables will have small effect sizes 
in epidemiological studies. However, these should not be ignored, but jointly analyzed 
for further insights into the etiology of psychiatric disorders.

Measurement and relational invariance of the general psychopathology fac-
tor

An important question for any study is to which populations research findings are 
generalizable. For instance, many of the featured studies use samples with either par-
ticipants of only one genetic ancestry (e.g. European ancestry) or from only one geo-
graphical location (e.g. Rotterdam). Certainly, the most convenient scenario is when 
findings would be applicable to any population and are generally the same no matter of 
group belonging. For instance, if we could demonstrate that general psychopathology 
factors can be modeled the same way no matter the ancestry of participants or their 
socioeconomic status, then one could argue with more confidence that the findings 
would apply to other parts of the world, with different ethnic compositions or financial 
wealth. However, generalizability can be wanting in at least two ways in psychiatric ep-
idemiology. First, different groups may express the same levels of psychopathology dif-
ferently (lack of measurement invariance). It is conceivable, that the concept of general 
psychopathology applies to both girls and boys, but that its expression may be different. 
For example, boys compared to girls with the same amount of general psychopathology 
may show more aggressiveness (higher loadings of aggressiveness on general psycho-
pathology) or show more aggression independent of the levels of any psychopathology 
factor (higher intercept of aggression). If this is the case it would be invalid to associate 
the general psychopathology factor across genders with any determinant or outcome, 
as the individual’s psychopathology factors would represent different symptom sets 
depending on gender. In this dissertation we tested the measurement invariance of 
general psychopathology factors across sex, ancestry and socioeconomic status. We 
found that across all these groups (as defined, for example, by sex) the psychopathology 
factors were invariant with respect to intercepts and loadings (strong invariance), but 
not with regard to the residuals. Since strong invariance is a sufficient condition to asso-
ciate the factors with other variables across groups, we did not discuss this issue further 
initially, however, I find it worthwhile diving into this matter here.

Strong invariance implies, that the basic structure of psychopathology holds across 
groups, and that the predicted symptom scores are the same for children with the same 
levels of the psychopathology factors. However, for sex and ancestry, the residual vari-
ance was not equal, which means that the factors explain different amounts of variance 
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depending on the sex or ancestry. Specifically, particularly externalizing and attention 
symptom scores are better explained in girls than boys and almost all psychiatric symp-
tom scores have a higher variance explained in children with non-European ancestry. 
This in turns implies that the correlates presented in this thesis differ in the proportion 
of explained variance depending on the specific symptoms, the sex of the child and 
their ancestry. With regard to sex, a possible interpretation is that in boys externaliz-
ing symptoms are more specific, e.g. boys are more likely to show aggression without 
other accompanying problems, even other externalizing symptoms. This interpretation 
may also hold in case of observer biases, i.e. if boys do not have higher symptoms but 
were nevertheless rated higher, because symptoms were easier to recognize than in 
girls. Another possibility is, that there is another latent psychopathology factor pres-
ent only in boys, though it is hard to imagine what this factor would be. In the case of 
ancestry, the explained variance for most subscales was higher in children with non-Eu-
ropean ancestry. How could it be that children with European ancestry have higher 
proportions of variance unexplained by the tested psychopathology factors? Again, it 
is difficult to speculate how the missing explained proportion came about. Since the 
majority of the psychiatric assessments are based on parental and self report, cultural 
differences might play a role. Specifically, individual symptoms in children of European 
(mostly Dutch) ancestry could be rated higher independent of other symptoms. Rather 
than cultural differences per se, minority status may also play a role. Perhaps children 
facing more challenges due to being a minority are more likely to suffer from broader 
psychopathology symptoms rather than single symptoms, and thus the general psycho-
pathology factor models fit better. Socioeconomic status as defined by maternal edu-
cation does not appear to explain this discrepancy. Children with mothers from higher 
and lower educational background did not differ in any model parameters, including 
the residual error. Thus, the general psychopathology factor model is strictly invariant 
with respect to maternal education. Finally, the higher explained variance may be the 
result of higher variance in ratings of children with non-European background. It may 
be easier for the model to explain the co-occurrence of symptoms if there is a greater 
diversity in scores of children with and without psychiatric problems.

In summary, while it appears that the general and specific psychopathology factors 
show strong invariance across many of the tested groups, the models introduced in this 
thesis differ in their explanatory power. Further research is therefore needed to explore 
why the residual variance differs and how this could be remedied.

Clinical Implications
When drafting the chapters and presenting the results, a frequent question raised 

by reviewers and co-authors concerned the possible clinical implications of the findings. 
Indeed, at first glance the latent factors general psychopathology and the specific psy-
chopathology factors are not observable, but abstract concepts. How would a clinician 
assess a patient’s general or specific psychopathology levels? In the case of general 
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psychopathology, a good approximation would be the sum of any symptoms. However, 
in the case of specific psychopathology, it is more challenging to define a clinical picture. 
A child displaying specific psychopathology has a set of symptoms from one domain 
independent of their general level of psychopathology. However, independence here 
does not mean that both cannot co-occur. It is likely that a specific symptom occurs as 
the result of general and specific effects. Thus from a clinical assessment perspective, 
the proposed bifactor models are not directly applicable. However, these models do 
give valuable insights into the etiology of psychopathology and thus clues to the best 
prevention and treatment strategies, and may aid prediction of later psychiatric disor-
ders. For instance, in our and other studies neuroticism or negative affect reactivity was 
consistently and strongly related to general psychopathology. Neuroticism is a person-
ality trait and may be difficult to change, however, if one were to successfully change 
this trait, the predicted effects would be immensely helpful, as they should affect a 
broad spectrum of psychiatric symptoms. Alternatively, environmental stressors affect-
ing mood would have to be elliminated as much as possible to reduce the effects of high 
neuroticism. On a biological level, the genome-wide and epigenome-wide association 
studies suggest targeting DMWD, ERC2 or CREB5 expression or its gene products, how-
ever, experimental research is needed to first confirm the causal role of these genes. 
Next to providing leads for intervention, biological studies of general psychopathology 
may be useful prediction. The combination of genetic scores, based on both general 
and specific psychiatric GWASs, polygenic scores taking into account gene-environment 
interactions, as well as polyepigenetic scores based on DNA methylation should provide 
meaningful predictions of psychiatric risk. The predictive power certainly will improve 
with increasing sample sizes of epigenetic studies.

Future research and the need for higher sample sizes
In the previous chapters specific recommendations for future research have been 

already discussed. Thus here I only present general observations. Increasing sample size 
in research of child psychiatric disorders is an important, yet challenging aspect. The 
need for an increase in sample size is obvious in situations where there is not enough 
power to detect an effect in the first place. For example, we identified three genes 
in the genome-wide association study of a total child psychiatric sum score, but like-
ly many more genes are important in regulating symptoms. Likely variation at more 
specfic DNA methylation sites were associated with ADHD, also at school-age. While 
at school age no methylation levels were genome-wide significant for any CpG site, the 
regression coefficients did show some correlation with regression coefficients at birth 
in independent samples. It is therefore likely that DNA methylation at school-age is also 
associated with ADHD, but we do not yet have the power to detect these effectys. One 
may argue, that any SNP or probe with meaningful effects would have already been 
detected with current sample sizes and that an increase would only reveal unimportant 
loci. However, as discussed earlier, even very small effects seem to add up to substantial 
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magnitudes, thus detecting more variants and having more precise estimates of their 
association is of great importance.

 An increase in sample size may also be important to evaluate associations for which 
there is enough power, but where the magnitude of the association is uncertain, such 
as for SNP heritability estimates presented in this study. For instance, while we can 
rule out large contributions of genetics towards cortisol, some genetic contribution is 
expected, but it is difficult to determine the precise magnitude. This is especially true 
for the repeated cortisol measures, for which we only had a low sample size available.

Finally, a higher sample size would allow for more sophisticated, detailed and better 
adjusted analysis. Even for those studies, where we had enough power to answer the 
main research question and have relatively precise estimates, several follow up analy-
ses were not possible. A good example is the study on white matter. While we detected 
an association between white matter integrity and general psychopathology, there also 
appeared to be an interaction with sex. The effect appeared to be stronger in boys, but 
the difference was not statistically significant. It would be interesting to follow up in a 
larger study or meta-analysis, whether the observed sex difference was just chance or 
a robust effect. Also a longitudinal design examining changes in general psychopathol-
ogy and white matter integrity throughout childhood would be highly interesting to 
determine the directionality of effect. However, such analyses may be difficult given 
the complexity of the bifactor model and the need to partition symptom variance into 
general, specific and method proportions. Convergence can become easily a problem 
at lower sample sizes and if there are not enough items. These problems, however, can 
be avoided by combining several assessment waves as done here, but for longitudi-
nal modeling, general psychopathology measures per assesment waves are necessary, 
which require very large sample sizes. Furthermore, it would be also interesting to joint-
ly analyze genetics and DNA methylation. This could help separate environmental from 
genetic mediation effects. In addition, interaction between the genome and methylome 
could be accounted for. But again, such conditional and interaction analyses need larger 
sample sizes than what is typically available now. 

Finally, as hopefully demonstrated in this thesis, it is advantageous to analyze sev-
eral phenotypes simultaneously to be able to differentiate general from specific effects 
and to increase precision. However, the more measures one attempts to analyze, the 
higher the chance that at least some data is missing. While missing data techniques 
can to some extent remedy this problem, higher sample sizes than in single phenotype 
analyses are still beneficial to account for the missingness.

Summary
In this thesis we investigated general psychopathology factors in school-aged chil-

dren in relation to various biological correlates. We consistently observed across dif-
ferent cohorts, that a substantial proportion of variation in psychiatric symptoms can 
be attributed to general psychopathology effects. This observation is unlikely to be at-
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tributable to informant or other rating context biases. The general psychopathology 
factor appears to be partly heritable, with single nucleotide polymorphisms playing a 
central role. One locus was identified to be associated with general psychopathology, 
the myotonic dystrophy cluster. Overall those genes, that are expressed in the brain, 
particularly in the limbic regions, appear especially important in the genetics of general 
psychopathology. On a neural level, more white matter across the brain is associated 
with lower levels of general psychopathology. At the same time, more white matter 
across the brain is associated with more levels of specific externalizing levels. Addition-
ally, we observed that DNA methylation at birth is associated with ADHD symptoms in 
school-age and that higher maternal and paternal age is associated with less externaliz-
ing problems. Finally, we observed low SNP heritability of acute cortisol levels, but also 
highlight that hair cortisol levels may be biased by hair pigmentation.
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SUMMARY

Co-occurrence of mental disorders is widespread and studies have identified a gener-
al psychopathology factor reflecting vulnerability to experience a range of psychiatric 
problems (Chapter II). However, the biological mechanisms underlying the co-occurence 
of child psychiatric symptoms remain unclear. The main question of this dissertation 
was: which biological factors are associated with child psychopathology in general and 
which biological factors are specific to certain psychopathology domains?

In Chapter III.A we examined the contributions of maternal and paternal age on off-
spring externalizing and internalizing problems, this study analyzed problem behaviors 
at age 10-12 years from four Dutch population-based cohorts (N = 32,892). There was 
evidence of a robust negative linear relation between parental age and externalizing 
problems as reported by parents. Parental age had limited to no association with inter-
nalizing problems. Thus, in this large population-based study, either a beneficial or no 
effect of advanced parenthood on child problem behavior was observed.

In Chapter III.B we developed a model of childhood psychopathology that separates 
the unique and shared contribution of individual psychological symptoms into specific 
internalising, externalising and general psychopathology factors and assess how these 
general and specific factors predict long-term outcomes concerning criminal behaviour, 
academic achievement and affective symptoms. Child psychopathology was assessed 
repeatedly using a range of diagnostic and questionnaire-based measures, and multiple 
informants. As hypothesized, general psychopathology factor scores were predictive of 
all outcomes of later functioning, while internalising factor scores specifically predicted 
later internalising outcomes. Externalising factor scores, capturing variance not shared 
by any other psychological symptoms, were not predictive of later outcomes. 

In Chapter III.C We defined a multi-informant general psychopathology factor in school-
aged children and estimated its SNP heritability. The goal was to test the hypothesis that 
child behavioral and emotional problems are under the influence of highly pleiotropic 
common autosomal genetic variants that non-specifically increase the risk for different 
dimensions of psychopathology. Children were repeatedly assessed between ages 6-8 
years. Child behavior problems were reported by parents, teachers and children. The 
general psychopathology factor showed a significant SNP heritability of 38%.

To identify the specific genetic variants underlying global childhood psychopathology, 
we then performed a genome-wide association study of a total psychiatric problem 
score (Chapter III.D). We analyzed 8,804,648 commonSNPs in 29,446 school-aged 
children from 16 population-based cohorts participating in the Early Genetics and 
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Lifecourse Epidemiology (EAGLE) consortium. Gene-based analyses revealed, that the 
myotonic dystrophy (DM1) gene cluster, previously implicated in neurodevelopment, 
was associated with the total psychiatric problem score. No individual SNP reached ge-
nome-wide significance. 

In chapter III.E We tested the hypothesis that lower overall white matter microstruc-
ture is associated with higher levels of the general psychopathology factor in children 
and less with specific factors. Global white matter microstructure at age 10 years was 
related to general and specific psychopathology factors. These factors were estimated 
using a latent bifactor model with multiple informants and instruments between ages 
6-10 years in 3030 children. Higher levels of global white matter were associated with 
lower general psychopathology. In contrast, more white matter microstructure predict-
ed an increase of specific externalizing factor levels. No association was found with the 
specific internalizing and specific attention factor. 

In Chapter IV We performed an epigenome-wide association study within the Preg-
nancy And Childhood Epigenetics (PACE) Consortium to identify DNA methylation sites 
associated with ADHD symptoms . As DNA methylation changes over time, we used two 
assessment periods: birth and school-age. We examined associations of DNA methyl-
ation in cord blood with repeatedly assessed ADHD symptoms (age range 4-15 years) 
in 2477 children from five cohorts and DNA methylation at school- age (age 7-9 years) 
with concurrent ADHD symptoms (age 7-11 years) in 2374 children from ten cohorts. 
We identified 9 probes at birth that were associated with later ADHD symptoms. In con-
trast, no probes reached genome-wide significance when ADHD was associated with 
school-age DNA methylation.

Cortisol concentrations in hair are used to create stress hormone profiles spanning 
months. However, this method may biased by hair pigmentation. We tested the hy-
pothesis that hair pigmentation gene variants are associated with varying cortisol levels 
independent of genetic ancestry (Chapter V.A). Hormone concentrations and genotype 
were measured in 1674 children from the Generation R cohort at age 6. We computed 
a polygenic score of hair color based on 9 single nucleotide polymorphisms. This score 
was used to predict hair cortisol concentrations, adjusted for genetic ancestry, sex, age 
and corticosteroid use. A higher polygenic score (darker hair) was associated with high-
er cortisol levels. This suggests that variation in hair cortisol concentrations is partly 
explained by local hair effects.

In Chapter V.B Our aim was to estimate the amount of cortisol variance explained by 
common single nucleotide polymorphisms, I.e. the SNP heritability. We analyzed morn-
ing plasma (n=5,705) and saliva levels (n=1,717), as well as diurnal saliva levels (n=1,541), 
in the Rotterdam Study and data from the CORNET consortium on morning plasma cor-
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tisol (n=12,597) and saliva cortisol (n=7,703). No significant SNP heritability was detect-
ed for any cortisol measure, sample or analysis approach. Point estimates ranged from 
0% to 9%. Morning plasma cortisol in the CORNET cohorts, the sample with the most 
power, had a 6% SNP heritability. The results consistently suggest a low SNP heritability 
of these acute and short-term measures of cortisol.

Finally, Chapter VI discusses overarching findings, methodological consideration and 
the implications or the study results.
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SAMENVATTING

Het gelijktijdig voorkomen van psychische stoornissen is wijdverbreid en studies heb-
ben een algemene psychopathologische factor geïdentificeerd die de kwetsbaarheid 
voor een reeks aan psychiatrische problemen weerspiegelt (Hoofdstuk II). De biolo-
gische mechanismen die ten grondslag liggen aan de co-aanwezigheid van kinderpsy-
chiatrische symptomen blijven echter onduidelijk. De hoofdvraag van dit proefschrift 
was: welke biologische factoren zijn geassocieerd met kinderpsychopathologie in het 
algemeen en welke biologische factoren zijn specifiek voor bepaalde psychopatholo-
gische domeinen?

In Hoofdstuk III.A onderzochten we de bijdragen van de leeftijd van moeders en vaders 
aan de externaliserende en internaliserende problemen van nakomelingen. Deze studie 
analyseerde problematisch gedrag op de leeftijd van 10-12 jaar van vier Nederlandse 
algemene bevolkings cohorten (N = 32.892). Er was bewijs voor een robuust negatieve 
lineaire associatie tussen leeftijd van de ouders en externaliserende problemen zoals 
gerapporteerd door ouders. De leeftijd van de ouders was niet geassocieerd met inter-
naliserende problemen. Dus, in dit grote algemene bevolkingsonderzoek, werd ofwel 
een voordelig of geen effect van vergevorderd ouderschap op het gedrag van het kind-
probleem waargenomen.

In Hoofdstuk III.B hebben we een model ontwikkeld voor kinderpsychopathologie dat 
de unieke en gedeelde bijdrage van individuele psychologische symptomen scheidt in 
specifieke internaliserende, externaliserende en algemene psychopathologische fac-
toren en evalueert hoe deze algemene en specifieke factoren psychiatrische diagnosen, 
crimineel gedrag en academisch prestatie in late adolescentie en jonge volwassenheid 
voorspellen. Kinderpsychopathologie werd herhaaldelijk beoordeeld aan de hand van 
een reeks diagnostische en op vragenlijst gebaseerde metingen verkregen van meerdere 
informanten. Zoals verondersteld, waren de algemene psychopathologie factorscores 
voorspellend voor alle uitkomsten van het latere functioneren, terwijl internaliserende 
factorscores specifiek latere internaliserende uitkomsten voorspelden. Externaliseren-
de factorscores, waarin variantie werd gevangen die niet werd gedeeld door andere 
psychologische symptomen, waren niet voorspellend voor latere uitkomsten.

In Hoofdstuk III.C hebben we een multi-informante algemene psychopathologische fac-
tor gedefinieerd in schoolgaande kinderen en de SNP-erfelijkheid ervan geschat. Het 
doel was om de hypothese te testen dat gedrags- en emotionele problemen bij kin-
deren onder invloed zijn van zeer pleiotrope vaak voorkomende autosomale genetische 
varianten die niet-specifiek het risico verhogen voor verschillende dimensies van psy-
chopathologie. Kinderen werden herhaaldelijk beoordeeld tijdens de leeftijd 6-8 jaar. 
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Problemen met het gedrag van het kind werden gemeld door ouders, leerkrachten en 
kinderen. De algemene psychopathologische factor vertoonde een significante SNP-er-
felijkheidsgraad van 38%.

Om de specifieke genetische varianten te identificeren die ten grondslag liggen aan al-
gemene psychopathologie bij kinderen, hebben we vervolgens een genoomwijde asso-
ciatietudie uitgevoerd over een totalescore van psychiatrisch problemen (Hoofdstuk 
III.D). We analyseerden 8.804.648 vaak voorkomende SNP’s in 29.446 schoolgaande 
kinderen uit 16 populatie-gebaseerde cohorten die deelnamen in het Early Genetics 
and Lifecourse Epidemiology (EAGLE) consortium. Analyse op basis van genen onthul-
de dat het myotone dystrofie (DM1) -cluster, welke betrokken is in de neurologische 
ontwikkeling, geassocieerd was met de totaalscore van psychiatrische probleemem. 
Geen enkele individuele SNP bereikte genoomwijde significantie.

In Hoofdstuk III.E hebben we de hypothese getest dat een lagere globale witte stof 
microstructuur in kinderen geassocieerd is met hogere niveaus van de algemene psy-
chopathologische factor en minder met specifieke factoren. Globale witte stof micro-
structuur op de leeftijd van 10 jaar werd gerelateerd aan algemene en specifieke psy-
chopathologische factoren. Deze factoren werden geschat met behulp van een latent 
bifactor model met meerdere informanten en instrumenten op de leeftijd van 6-10 jaar 
bij 3030 kinderen. Hogere niveaus van globale witte stof waren geassocieerd met lagere 
algemene psychopathologie. Daarentegen voorspelde een hogere microstructuur van 
witte stof een toename van specifieke factoren voor externaliserende factoren. Er werd 
geen associatie gevonden met de specifieke internaliserende of specifieke aandachts-
factor.

In Hoofdstuk IV voerden we een epigenome-wide association study uit in het Pregnan-
cy And Childhood Epigenetics (PACE) Consortium om DNA-methylatie locaties geasso-
cieerd met ADHD-symptomen te identificeren. Omdat DNA-methylatie verandert over 
de tijd, hebben we twee beoordelingsperiodes gebruikt: geboorte en schoolleeftijd. We 
onderzochten associaties van DNA-methylatie in navelstrengbloed met herhaaldelijk 
vastgestelde ADHD-symptomen (leeftijd 4-15 jaar) bij 2477 kinderen uit vijf cohorten en 
DNA-methylatie op schoolleeftijd (leeftijd 7-9 jaar) met gelijktijdige ADHD-symptomen 
(leeftijd 7- 11 jaar) in 2374 kinderen uit tien cohorten. We identificeerden 9 locatied 
bij de geboorte die geassocieerd waren met latere ADHD-symptomen. Daarentegen 
bereikten geen probes een genoomwijde significantie wanneer ADHD werd geasso-
cieerd met DNA-methylatie op schoolleeftijd.

Cortisolconcentraties in het haar worden gebruikt om stresshormoonprofielen te 
creëren die voorgaande maanden representeren. Deze methode kan echter beïnvloed 
worden door haarpigmentatie. We testten de hypothese dat varianten van haarpigmen-
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tatiegenen geassocieerd zijn met cortisolspiegels onafhankelijk van genetische afstam-
ming (Hoofdstuk V.A). Hormoonconcentraties en genotype werden gemeten in 1674 
kinderen uit het Generation R-cohort op de leeftijd van 6. We berekenden een polygene 
score van haarkleur op basis van 9 single-nucleotide polymorfismen. Deze score werd 
gebruikt om haarcortisolconcentraties te voorspellen, gecorrigeerd voor genetische af-
komst, geslacht, leeftijd en gebruik van corticosteroïden. Een hogere polygene score 
(donkerder haar) was geassocieerd met hogere cortisolspiegels. Dit suggereert dat de 
variantie in cortisolconcentraties in het haar gedeeltelijk kan worden verklaard door 
lokale haareffecten.

In Hoofdstuk V.B. was ons doel om de hoeveelheid cortisolvariantie te schatten, verk-
laard door algemene single-nucleotide polymorfismen, dat wil zeggen de SNP erfeli-
jkheid. We analyseerden ochtendplasma (n = 5.705) en speekspiegels (n = 1.717), eve-
nals dagelijkse speekselwaarden (n = 1.541), in de Rotterdam Study en ochtendplasma 
cortisol (n = 12.597) en speeksel cortisol (n = 7,703) in het CORNET-consortium. Er werd 
geen significante SNP erfelijkheid gedetecteerd onafhankelijk van cortisol-meting, pop-
ulatie of analysebenadering. Puntschattingen varieerden van 0% tot 9%. Ochtend plas-
ma cortisol in de CORNET cohorten, de populatie met de meeste power, had een SNP 
erfelijkheid van 6%. Deze consistente resultaten suggereren een lage SNP-erfelijkheid 
van deze acute en kortdurende metingen van cortisol.

Ten slotte bespreekt Hoofdstuk VI overkoepelende bevindingen, methodologische 
overwegingen en de implicaties van de studieresultaten.
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