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Neuropsychiatric disorders like schizophrenia, mood disorders, attention-deficit/hyper-
activity disorder (ADHD) and autism spectrum disorder (ASD) place an enormous burden 
on patients, their family and society. The disorders typically start early in life and are often 
life-long, influencing the individuals’ self-perception, productivity and ability to relate to 
others1. Unfortunately, no major breakthroughs in the treatment of these disorders occurred 
during the last few decades, and a substantial part of the patient group is resistant to all  
currently available treatments1. This lack of progress points to the complexity of the  
underlying biological mechanisms that induce these disorders. Improving our understanding 
of these mechanisms is highly needed to progress treatment development.

Family, twin and adoption studies have shown that neuropsychiatric disorders aggregate in 
families and are heritable, demonstrating a substantial role of genetic factors in their etiology2. 
Neuropsychiatric disorders fall into the category ‘complex traits’. They are influenced by a 
combination of multiple genetic and environmental risk factors and possibly an interplay 
between the two. In addition, neuropsychiatric disorders are characterized by a polygenic 
nature, meaning that they are influenced by many genetic variants that likely belong to 
multiple biological pathways. These genetic variants have very small effects, which indicates 
that an individual variant is not sufficient to cause a disorder, but will contribute only for a 
very small part to the overall risk. Hence, it has been challenging to identify these variants, 
because the small effects are difficult to detect with standard statistical methods and current 
sample sizes. However, important advancements in statistical methods have been achieved 
in recent years, as will be explained in the next section. Apart from the challenge to detect 
the risk variants with small effects, mental disorders may show clinical heterogeneity. 
That is, different patients with the same disorder show different sets of symptoms and a  
different course of the disorder. It is likely that phenotypic heterogeneity reflects genotypic 
heterogeneity; i.e. quantitatively or qualitatively different genetic risk factors contribute to 
the disorder in different individuals3. Application of a diagnostic definition that is a univariate 
conceptualization of actually multiple biologically distinct subtypes, often results in loss of 
statistical power to detect risk variants4.
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In the past two decades, the research field of statistical genetics has developed rapidly with 
respect to new analysis methodology, and various methods have been applied to identify 
the genetic factors underlying complex traits5. The identification of genetic factors is an initial 
key step for unraveling the biological causes of neuropsychiatric traits, because identified 
genes will likely have specific functions and act through specific cellular mechanisms or 
biological pathways in particular tissue types. This information can highlight impaired  
biological processes that impact on neuropsychiatric disorders. For example, CACNA1C that 
codes for a calcium voltage-gated channel subunit has been identified in early GWASs of 
bipolar disorder, schizophrenia and major depressive disorder6, suggesting involvement of 
cell-to-cell communication in the etiology of these disorders.

In this thesis I have applied several statistical genetic methods in order to identify genetic 
variants, genes and biological pathways that are involved in the etiology of neuropsychiatric 
traits, with the aim to obtain insight in biological causes underpinning these traits. Below, I 
summarize the different methods in the first section, continued by a section describing the 
characteristics of the studied disorders and traits and the accompanying chapters that are 
presented in this thesis.

1.  Approaches to identify genetic risk factors and
 biological mechanisms

1.1 GWAS
During the last decade, Genome-Wide Association Studies (GWAS) have become a promising 
approach to identify genetic variants for complex traits5. GWAS is hypothesis-free, as no 
prior knowledge on candidate genes is required. In a typical GWAS a high number of genetic 
variants are genotyped in a large sample of individuals, of which part are affected by the 
disease or trait of interest (cases) and the other part are not affected (controls), or all included 
individuals have a continuous score on a trait. The genetic variants investigated in GWAS are 
single nucleotide polymorphisms (SNPs), which are a result of single point mutations leading 
to differences between individuals in nucleotides at specific genomic locations. Typically the 
SNPs tested in GWAS are common, i.e. occur at a frequency of at least 1% in the population, 
although recent increases in sample sizes have made it feasible to study SNPs of at least 
0.1%. Risk variants for polygenic traits can be common because an individual variant will only 
slightly increase the risk to develop a trait. Therefore, the variant is not subject to selective 
pressure and can be maintained at a relatively high frequency in the population7. GWAS 
examines the frequency of SNPs between the groups of cases and controls (or the frequency 
of SNPs over a continuous score). GWAS relies on linkage disequilibrium (LD), a naturally 

12

General introduction



occurring correlation of nearby variants that is introduced by recombination. This correlation 
is reflected in the association statistics; SNPs in high LD will show similar P values. Hence, 
an identified variant is not necessarily the causal variant, because the statistical resolution 
is limited by the LD structure of the genome. By genotyping ~500,000 SNPs in populations 
with European descent the majority of common variants in the genome is covered8. The 
unobserved variants can be recovered by imputation; haplotypes inferred from multiple 
genotyped SNPs and haplotypes of a fully sequenced reference panel can together predict 
the genotypes of unobserved variants. Imputation can increase the SNP pool tested for 
association to several millions. Because this enormous amount of SNPs is tested together 
in a GWAS, correction for multiple testing is required in order to keep the type I error low. 
This correction is substantial (α = 5 × 10-8), which results in the requirement of very large 
sample sizes in order to achieve adequate statistical power to identify genetic risk variants 
with small effects. The effect sizes for common genetic variants that have been observed for 
neuropsychiatric disorders are modest (e.g. OR = 1.06 - 1.20 for schizophrenia9 and OR = 
1.08 - 1.10 for ADHD10) and have been detected in studies including large samples (36,989 
cases and 113,075 controls for schizophrenia and 20,183 cases and 35,191 controls for 
ADHD). Because a considerably larger proportion of the heritability of neuropsychiatric  
disorders can be explained by all common variants9–11 – including the non-significant variants 
– it is expected that additional common variants with smaller effects are involved in the risk 
to develop neuropsychiatric disorders, which can be revealed by increasing sample sizes.

1.2 Gene-set analysis
Several strategies emerged to overcome the limited statistical power of current GWAS to 
identify the risk variants with small effects on traits. One of these strategies is gene-set 
analysis, which evaluates the joint effect of multiple SNPs that are present in multiple 
functionally related genes. It is based on the hypothesis that the numerous genetic variants 
that contribute to a polygenic trait aggregate in genes that share similar cellular functions. 
The underlying reasoning is that genes do not work in isolation; they participate in complex 
networks that regulate biological mechanisms. Because sets of genes are evaluated in one 
test, multiple testing correction is strongly reduced and statistical power increases compared 
to the single SNP method used in GWAS. Moreover, the biological relevance of single SNP 
associations is often difficult to interpret, while the association of a set of genes with a shared 
function directly generates a hypothesis about causal biological mechanisms12.
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1.3 Rare-variant analysis
Heritability estimates for complex traits that are based on all common variants tested in 
a GWAS typically explain only a modest fraction of the predicted genetic variance based 
on twin studies, implying additional contribution of other types of genetic variants. One of 
the suggested types of variants are rare genetic variants. Compared to common SNPs, rare 
variants located in exons – the coding parts of genes – may have greater potential to elucidate 
the biological mechanisms that play a role in complex traits13. For example, loss of function 
variants are exonic variants that result in the loss of function of a protein, and may have 
greater impact on the trait than other variants with less obvious biological consequences14. It 
is hypothesized that rare disease-associated variants have larger effects on traits as a result 
of purifying selection for these potentially deleterious mutations which keeps their frequency 
in the population low15. The contribution of rare variants to complex traits and their effect size 
spectrum is currently poorly understood, yet important to unravel the genetic architecture of 
complex traits. Because conventional genotyping chips do not capture rare variants, as they 
are a low-cost strategy to collect genetic information of common variants in large samples, 
the ExomeChip was designed to study rare variants in an exploratory and cost effective 
way16. The chip contains a dense amount of rare nonsynonymous SNPs. Nonsynonymous 
SNPs are genetic variants that result in an amino acid change in the protein sequence. Hence, 
identified variants give direct insight into the mechanism through which they may ascertain 
their effect on the trait. 

It is presumed that rare variants have a larger phenotypic impact than common variants. 
However, given they are rare in the population (minor allele frequency < 1%), large sample 
sizes are required to detect them. The statistical power in rare variant analysis is in particular 
a function of minor allele frequency (MAF). To increase statistical power, a burden test or 
variance component test can be performed17. These tests aggregate the information across 
multiple rare variants that are present in a gene. Both approaches are promising when causal 
genes harbour multiple associated rare variants, however they are less benificial when these 
variants are sparse. Abundance of rare variants will expand when sample size increases.

1.4 Biological interpretation of GWAS hits
Single SNP associations of GWAS are difficult to translate to biological mechanisms for 
multiple reasons. First, LD makes inferences about the causal variant difficult, as already 
discussed above. Second, the identified variants often do not directly point to the causal gene 
because the majority is located in intergenic regions. Third, the effects of variants will typically 
be small and interpretation of biological consequences is as such difficult. Traditionally, 
identified variants for Mendelian diseases (diseases that follow simple mendelian patterns of 
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inheritance with causal variants that typically have large effects) were subjected to a battery 
of follow-up functional experiments to investigate the mechanisms through which they 
act on the disease. However, the many functional experiments are not achievable for the 
massive amount of associated variants found in GWAS for complex traits to date, and also 
not always applicable because of small effects or intergenic regions. Large-scale evaluation 
of functional impact of the GWAS output is therefore required to yield more insight into the 
underlying biology.

To interpret GWAS output, functional databases on the same whole-genome scale are of 
high value. Recent development of new molecular technologies enabled the availability 
of high-throughput sequencing platforms providing omics datasets that can be utilized 
for functional analyses of risk variants. During the last years, major datasets have been  
generated by the projects GTEx18, providing expession quantitative trait loci (eQTLs) in 
multiple tissue types, and ENCODE19 and Epigenome RoadMap20, informing on regulatory 
elements and chromatin states. Because the majority of GWAS risk variants are noncoding 
but do affect expression levels by gene regulation21, these datasets are crucial to map these 
variants to the genes they regulate and the relevant tissue types. Multiple studies have utilized 
these datasets and have reported that GWAS hits are highly enriched in regions of active 
chromatin such as promotors and enhancers in tissue types of interest22. In addition to the 
information from these expression and regulatory maps, coding SNPs can be annotated for 
functional consequences, for example by mutation prediction algorithms such as PolyPhen23 
or SIFT24.

Based on information of these databases, genetic variants identified in GWAS can be 
functionally annotated to prioritize variants and genes. However, it remains challenging 
to pinpoint a small subset of important variants and genes out of these massive amounts 
of functional data. To this end, a variety of methods have been developed that merge the 
functional annotation of multiple databases to enable prioritization of genetic variants and 
genes, for example CADD (Combined Annotation Dependent Depletion)25, ANNOVAR  
(Annotate Variation)26 and FUMA GWAS (Functional Mapping and Annotation of  
Genome-Wide Association Studies)27. Prioritized genes can in turn be placed in biological 
contex using data on tissue expression (e.g. GTEx18) or biological pathways and cellular 
mechanisms (e.g. MSigDB (The Molecular Signatures Database)28) using tools such as Prixe 
Fixe29 and FUMA. Merging the different functional datasets to study the association results 
of GWAS will aid in identifying potential causal mechanisms contributing to neuropsychiatric 
disorders.
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2. Neuropsychiatric disorders and traits studied in this  
 thesis

2.1 ADHD
Attention-deficit/hyperactivity disorder (ADHD) is one of the most common neurodevel-
opmental disorders of childhood, characterized by developmentally inappropriate inatten-
tiveness, and/or increased impulsivity and hyperactivity30. The world-wide prevalence of 
ADHD in childhood is ~5%31,32. While its onset is during childhood, the symptoms can persist 
into adulthood with a prevalence of ~3%33. High heritability estimates of ~75-90%34 indicate 
an important genetic contribution to ADHD risk. However, the identification of genes turned 
out to be challenging. One of the explanations is the polygenic character of the disorder. The 
first genome-wide association meta-analysis on ADHD including 896 cases, 2,455 controls 
and 2,064 trios (child with ADHD and parents) has not yielded genome-wide significant 
hits35, implying that the common variants that contribute to ADHD have small effects and 
larger sample sizes are required to detect them. We applied two approaches with the aim to 
identify the first genomic loci and biological mechanisms contributing to ADHD risk. These 
are described in the first two studies of this thesis. 

Chapter 2  GWAS meta-analysis of ADHD symptom scores
In the first chapter on ADHD we performed a genome-wide association meta-analysis 
of ADHD symptoms in population-based pediatric cohorts. Latent class models implied 
that children diagnosed with ADHD are at the extreme of a continuum of inattentive and 
hyperactive behaviors36. Hence, continuous measures of ADHD symptoms have been 
suggested to aid in the gene finding for ADHD37. Indeed, results from polygenic risk score 
(PRS) analyses38–40 and twin studies41,42 suggested strong overlap between genetic factors 
for continuous measures of ADHD symptoms in the general population and clinical diagnosis 
of ADHD. While clinical diagnosed ADHD cohorts with genetic data are not abundant, 
many population-based pediatric cohorts have collected both continuous ADHD symptom 
scores and genotype data. Studying continuous ADHD-related behaviors can be a powerful  
statistical approach in population based studies because it uses the full spectrum of 
phenotypic variation and hence provides the opportunity to include a much larger 
sample compared to studying only the extremes of the spectrum. We performed the first 
genome-wide association meta-analysis on ADHD symptoms in 17,666 children from nine 
population-based cohorts with the aim to identify genetic variants that contribute to ADHD 
symptoms. In addition, we investigated if ADHD symptom scores and ADHD diagnoses 
show indeed a shared genetic background by analyzing the concordance in the effects of 
SNPs and genes of our meta-analysis with the results of a genome-wide meta-analysis 
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based on a ADHD case-control study and by estimating their genetic correlation.

Chapter 3  Gene-set analysis of synaptic functions in ADHD
In the second chapter on ADHD we applied gene-set analysis to improve the statistical 
power to identify genetic factors contributing to ADHD risk. We focused on the synaptic 
machinery in this study, because its role in ADHD has been suggested by the functions 
of genes harboring the top hits of the first ADHD GWASs43–45, and by genes reported in 
candidate gene studies that are often expressed in the synapse46. We performed the analysis 
on data from the largest clinically diagnosed ADHD sample from the Psychiatric Genomics 
Consortium at that time, including 2,960 ADHD cases and 4,519 controls. 

2.2 Genetic overlap between ADHD, ASD, bipolar disorder, major 
 depressive disorder, and schizophrenia
Psychiatric disorders are classified based on their observed symptoms and disease course. 
However, symptoms highly overlap, and comorbidity between disorders is the rule rather 
than the exception. It is therefore debated to what extent the disorders are biologically distinct 
entities. Indeed, genetic overlap has been found for multiple psychiatric disorders47,48. The 
observation that a genetic variant affects multiple phenotypes is called ‘pleiotropy’. The true 
nature of the pleiotropy is currently unknown. Different scenarios are possible, for example 
a genetic variant might influence two traits through independent mechanisms, or a causal 
relationship might exist in which the effect of the variant on the second trait is mediated 
through its effect on the first trait49. Because psychiatric disorders phenotypically overlap, it 
is likely that the pleiotropy points to shared biological mechanisms that act across psychiatric 
disorders.

Chapter 4  Gene-set analysis of multiple psychiatric disorders
In this chapter we applied gene-set analysis to investigate shared biological mechanisms 
across five major psychiatric disorders (ADHD, ASD, bipolar disorder, major depressive 
disorder, and schizophrenia). A gene-set study from 2015 investigated the contribution of 
gene sets derived from publicly available databases and identified several gene sets involved 
in histone methylation, immune and neuronal signaling, and the synapse across the three 
adult-onset disorders schizophrenia, bipolar disorder and major depressive disorder50. 
We exploited the larger sample sizes that emerged recently for GWAS – which resulted in 
enormous increases in the identified associated genetic loci for psychiatric disorders – and 
extended previous research by testing gene sets derived not only from publicly available 
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databases, but also from expert curation and tissue expression. The expert-curated gene 
sets are of interest because several studies identified expert-curated gene sets for single 
psychiatric disorders51 which makes them excellent candidates for explaining genetic overlap 
between psychiatric disorders. Furthermore, we aimed to investigate not only overlap in 
biological mechanisms between adult-onset disorders, but overlap with childhood-onset 
disorders ADHD and ASD as well.

2.3 Addiction-related behaviors
Both alcohol consumption and tobacco use belong to the world’s leading health risks and 
account together for more morbidity and mortality in Western countries than any other single 
risk factor or health outcome52. Substance use behaviors are strongly linked to neuropsy-
chiatric disorders such as alcohol use disorders and major depressive disorder53. Moderate 
to high heritability estimates have been reported for both behaviors54, and multiple genetic 
variants have been identified in candidate gene studies55 and GWASs56,57. Most prominent 
are the findings of nicotine and alcohol metabolism genes (e.g. ADH1B, ALDH2, CYP2B6) 
and nicotinic receptor genes (e.g., the cluster CHRNA5-CHRNA3-CHRNB4). Despite the 
successes of these studies, the variance in addiction-related behaviors can only partly be 
explained by the identified genetic loci. One of the explanations for this incomplete genetic 
explanation is that rare variants affect these behaviors as well. A role for rare variants has 
been indicated by target sequencing of known loci associated with addiction behaviors, 
especially within nicotinic receptor gene clusters58–60 and alcohol metabolism genes61,62. The 
role of rare variants in other genomic loci has yet to be determined.

Chapter 5  Exome chip meta-analysis of alcohol consumption and tobacco use
This chapter describes an exome chip meta-analysis to explore the role of rare exonic variants 
in alcohol consumption and tobacco use. Compared to common SNPs used in GWAS, rare 
exonic variants may have greater potential to increase our understanding of the biological 
mechanisms involved in addiction13. As described above, exonic variants that result in the 
loss of normal functioning of the protein (loss of function variants) may have greater impact 
on the trait than other variants with less clear biological consequences. The analysis of rare 
variants presents analytical challenges because statistical power is a function of MAF, and 
rare variants usually have a MAF < 0.01. Therefore large samples are essential. We aimed to 
increase statistical power by meta-analyzing eight Dutch cohorts which resulted in 12,466 
and 7,432 individuals for alcohol consumption and tobacco use, respectively. In addition, we 
applied the burden test to increase statistical power to identify causal genes.
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2.4 Insomnia Disorder
Insomnia Disorder is one of the most common mental disorders with prevalence estimates 
ranging from 10% in adults to 22% in the elderly63,64. It is characterized by lasting problems 
falling asleep or waking up in the night or early morning, that have subjective repercussions 
for daytime functioning. Not only are the direct costs of insomnia extremely high65, it is 
also the primary risk factor for depression66 and contributes to the risks of cardiovascular 
disease67–71 and obesity72. A recent longitudinal twin study replicated a moderate heritability 
for males (38%) and a significantly higher heritability for females (59%)73, suggesting that 
(partly) different genetic factors contribute to insomnia in males and females. Identifying the 
responsible genetic risk variants could provide important clues to the biological pathways 
involved in insomnia vulnerability. However, as compared to other complex genetic traits, 
strikingly few genetic studies have been conducted to identify susceptibility genes for 
insomnia. The available GWASs for insomnia have not identified any consistent genetic risk 
variants, most likely due to small sample sizes (N < 5,000)74. In the last study described in 
this thesis we aim to identify the genetic risk factors and biological pathways contributing to 
the etiology of insomnia.

Chapter 6  GWAS of insomnia complaints
In this chapter we used GWAS to identify genomic loci associated with insomnia complaints 
in a large population-based cohort, the UK Biobank, including 113,006 individuals with 
phenotype and genotype data. Because population-based cohorts generally do not have 
information on clinical diagnosis of Insomnia Disorder, we used a question on experiencing 
trouble falling asleep or waking up in the middle of the night, which we validated as a good 
proxy for Insomnia Disorder. This gave us the opportunity to substantially increase sample 
size compared to clinically diagnosed cohorts. Because the single SNP results of a GWAS 
are difficult to translate to biological mechanisms, further analyses of the GWAS output were 
applied to yield more insight into the biological underpinnings of Insomnia Disorder. These 
additional analyses involved gene-based and gene-set analysis, functional annotations, 
tissue enrichment tests and network analysis. In addition, we investigated if the overlap with 
other diseases and traits seen at the phenotypic level could be explained by shared genetic 
risk factors.
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