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CHAPTER  1 
INTRODUCTION
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Imputation in genetics studies: concept and application
During the past decade genetic studies, in particular Genome Wide Association Studies 
(GWAS)[1], grew from small studies to large international collaborations, aiming to 
detect new genetic loci associated with phenotype of interest. Such collaborations 
require pulling data together in case of mega-analysis or puling summary statistics of 
independently performed analysis together in case of meta-analysis. Data usually comes 
from different cohorts and are often genotyped on different platforms, which may have 
overlapping Single Nucleotide Polymorphisms (SNPs) between each other to a different 
extent. In genetics, imputation is a predictive technique which allows to assign (impute) 
unobserved or missing genotypes based on an individuals’ haplotype and on a reference 
set, representative of the population a person comes from. Imputation is often used 
to overcome the issue of missing genotypic data [2-4]. Imputation increases power to 
detect new genetic loci, and allows for cohorts combination in GWAS [5]. To achieve high 
quality imputation results, however, several steps should be performed, including quality 
control (QC) before imputation, ancestry-differences inference, appropriate reference 
set selection and stringent post-imputation QC. Several imputation software packages 
exist such as IMPUTE [6] and MACH [7]. Each package provides an imputation quality 
metric, which aims to quantify the performance of imputation for particular SNP. Poorly 
performed imputation may result in a larger number of SNPs, which will fail the post 
imputation QC and reduce the SNP coverage in GWAS. Imputed genotypes are usually 
expressed as probabilities of observing one of the three genotypes or as dosages, which 
reflects the expected allele counts and therefore introduce uncertainty. Imputation is 
largely dependent on various parameters, which may affect imputation accuracy, and 
have to be taken into consideration prior to imputation or even prior to genotyping of 
the samples [5, 8, 9].

Choosing a reference set for imputation. Genome of the Netherlands Project (GoNL)
The quality of imputation procedures largely relies on the reference set that is 
representative of a population, from which a person is drawn [10]. This is due to the 
biological mechanism upon which imputation algorithms are based. All SNPs are not 
independent from each other and often correlated, which means they are in Linkage 
Disequilibrium (LD) and are inherited together. The inference of missing genotypes is 
possible if a block of correlated SNPs (haplotype), from which the SNPs are missing, is 
known. Initially, imputation was performed in samples consisting of related individuals, 
where grandparents and parents were genotyped with higher resolution then children 
[11]. Based on identity by descent (IBD) information shared between relatives missing 
genotype data in children were inferred from their closest ancestors. In this way the 
grandparents and parents formed a reference set for children. The idea was that relatives 
shared long stretches of their genome with each other, which are inherited together 
(haplotypes). When imputation is carried out for unrelated individuals, genotypes 
from their relatives are not available and therefore the reference set with data of other 
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individuals, that are the closest to the sample with respect to their ethnic background, is 
required. Thus, the European population is usually imputed against HapMap [12, 13] or 
1000G [14, 15] CEU reference panels. HapMap is the first project aimed to characterize 
the variation in the human genome. The 1,184 individuals from 11 populations were 
genotyped for 1.6 million SNPs. 1000G is the next project, where the genome of 1,092 
individuals from 14 populations were sequenced and 38 millions SNPs were provided. 
Using a reference set from a population closest to the dataset, with respect to their 
genetic background, ensures that haplotypes are representative of the individuals in the 
study and occur at the same frequency. 
 In the Genome of the Netherlands project (GoNL) a group of 250 trio’s of two 
parents and their offspring were whole genome sequenced with an average 12x depth 
to study genetic variations within the Dutch population [16]. The trios were selected 
to represent the genetic variation across all provinces in the Netherlands and several 
large biobanks from the Netherlands, including the Netherlands Twin Register, which 
collaborates in Biobanking and BioMolecular resources Research Infrastructure (BBMRI) 
contributed DNA samples for this purpose. The GoNL project allows constructing a Dutch 
population reference set, which can be used to impute Dutch GWAS samples as well 
as explore imputation quality, particularly for Dutch specific variants. If a reference set 
is closer to the dataset with respect to the most common recent ancestor, unrelated 
individuals will share larger parts of the genome between each other and longer reference 
haplotypes will be available if individuals belong to the same ethnic group. Moreover, 
some alleles may be population specific and represented at different frequencies in 
different populations. The European population is diverse and represented by changes in 
alleles frequencies from North to South and from East to West [17]. If data are imputed 
based on European haplotypes and some SNPs appear at low frequency in a CEU panel, 
they will be poorly imputed due to weak LD with neighbouring SNPs and subsequently 
filtered out in GWAS. In contrast, imputation based on a population-specific dataset may 
result in better quality of imputation of such SNPs [18]. 

Imputation: beyond GWAS
In genetic studies, imputation of genotypes allows for the pooling results of different 
studies together for meta-analysis, ensuring that all studies are imputed to the same 
SNPs. In GWAS each SNP is examined individually, for example by regression analyses, 
and the variation in all significant SNPs together usually explains a small to medium 
proportion of variation in the phenotype. To quantify the contribution of all SNPs, that 
do not pass the stringent threshold for significance in GWAS studies, to the phenotype 
of interest, another approach was developed. Genomic-relatedness-matrix restricted 
maximum likelihood (GREML) [19] methods, implemented in software such as GCTA 
[20, 21], allows estimation of the SNP-heritability, that is the variation in the phenotype 
accounted for by all SNPs, genotyped and imputed. GREML uses a Genomic Relatedness 
Matrix (GRM), where the relationships between individuals are inferred based on SNPs 
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rather than on known pedigree structures. The raw genotype data are required to 
calculate the GRM between individuals. The raw data from multiple cohorts may be 
required in order to gain power to estimate the SNP-heritability. If data were genotyped 
on different platforms, what SNP overlap is required to ensure that relationships between 
individuals are estimated correctly? Will the combination of data result in a bias of SNP-
heritability estimates? These questions are explored in this thesis.

Population structure and imputation
A population is not homogeneous across continents or even across a single country. 
Population subgroups exist within a population and differences in their allele frequencies 
correlates with the change in geographical coordinates (population stratification) due to 
ancestry differences [22, 23]. Importantly, such population stratification can confound 
results of both GWA and GREML studies. Principal Component Analysis (PCA) is typically 
used to calculate Principal Components (PCs) and correct for the systematic difference in 
allele frequencies due to ancestry [24]. Usually PCA is performed before the imputation 
and PCs are further used in analysis of imputed data as covariates. 

Heritability: concept and methods
Heritability is the ratio of genetic variation over the total phenotypic variation and reflects 
the degree of genetic determination [25]. Broad-sense heritability is the proportion of 
all additive and non-additive (dominance, interaction, epistasis) genetic variation in the 
phenotypic variation. Narrow-sense heritability is the proportion of additive genetic 
factors variation only. In this thesis, the heritability, estimated using twin and SNPs 
data, was considered. Before the human genome was decoded and information about 
allele frequency variation became available, twin studies were the most commonly 
used method to estimate the heritability [26]. Monozygotic twins (MZs) are genetically 
(almost) identical and dizygotic twins (DZs) share on average half of their segregating 
genes. Therefore, the correlations between pairs of MZs and DZs can be compared and 
variation of the phenotype can be decomposed into the variation in 1) additive genetic 
and 2) common environmental or dominant genetic and 3) unique environmental factors 
(which also includes error). Proportion of genetic factors will comprise twin-heritability 
[27]. If genotype data are available then SNP-heritability can be estimated directly from 
SNPs, available on a current genotyping platform or imputed, using the GREML method 
introduced above. If genotype data are not available, but the meta-analysis summary 
statistics are, the LD score regression approach is the alternative method to estimate 
the SNP-heritability [28]. Here, the square test statistic, obtained for a SNP in a GWAS, 
is regressed on the LD score, which is the sum of all LD between a particular SNP and 
its neighbouring SNPs. Under a polygenic model many SNPs contribute to variation 
in a trait. Therefore a SNP in strong LD with its neighbours has a higher likelihood of 
tagging a causal SNP than a SNP in weak LD. A SNP with a higher LD score is expected 
to have on average a higher test statistic, while population stratification is expected, on 
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average, to inflate the test statistic for all SNPs equally. Therefore, intercept in the LD 
score regression will reflect the genome wide increase in test statistics due to population 
stratification, whereas the slope will reflect the increase in test statistics due to true 
polygenic effects on the trait. Both GREML and LD score regression assume the additive 
model and are often compared to the twin-heritability estimates.

Shared and unique aetiology of human complex traits
All methods discussed above allow for estimation of heritability and also, for bivariate 
phenotypes, allow estimation of genetic correlations between phenotypes, i.e. the 
shared genetic background. This can be useful, if two phenotypes are co-morbid and 
it is important to know to which extent their co-morbidity is accounted for by genetic 
factors. The shared genetic factors may unravel new biological pathways that are 
relevant for both phenotypes. Genetic correlation within domains of psychological or 
disease phenotypes are expected, however, the co-morbidity between disease and 
psychological phenotypes are of particular interest. For example, epidemiological 
studies established the association between Type 2 Diabetes (T2D), insulin resistance 
and Major Depressive Disorder (MDD) [29-31], but their genetic architecture has not 
been studied within the context of shared biological basis. Another example is Subjective 
Wellbeing, which has been consistently reported to correlate with personality traits [32, 
33] and requires further exploration using genome wide data. It is also possible that 
the same phenotype can be represented by shared and unique parts, when assessed 
by multiple raters. For example, in childhood psychopathology phenotypes are often 
assessed by different raters, such as parents, teachers or peers. These ratings usually 
correlate to a certain extent (genetically and phenotypically), but not perfectly, implying 
the presence of a shared part of the phenotype assessed by multiple raters, but also 
unique one, observed by different raters exclusively, or rater bias [34-36]. Therefore, 
the genetic factors may contribute to the variation in the shared and unique parts of 
each phenotype. The consequence is that in molecular studies different ratings, such 
as maternal and paternal, might be represented by the same or different loci in the 
genome. In this thesis we explored the genetic correlation between various phenotypes 
aiming to quantify their shared and unique aetiology. 

This thesis
Chapter 2 explores the GoNL reference set as the basis to resolve platform stratification 
between cohorts, allowing a combination of the two Dutch cohorts genotyped on 
different platforms with little SNP overlap. In Chapter 2, data from two Dutch cohorts, 
the Netherlands Twin Register (NTR) and Generation R (GENR), were combined using 
imputation with the GoNL reference set and three approaches to build a Genetic 
Relatedness Matrix (GRM) were compared. We evaluated the performance of each 
approach, estimating the SNP-heritability of childhood height. In Chapter 3 SNP-
heritabilities of the child behavior problems were estimated based on the combined 
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cross-platform imputed data, which were described in Chapter 2. We looked at 
various phenotypes in the childhood psychopathology domains, namely Attention 
Deficit and Hyperactivity problems, Internalizing and Externalizing behavior, Pervasive 
Developmental Problems and non-verbal Cognition. Most of the phenotypes were rated 
by mothers, and Attention Problems and Externalizing were also rated by teachers. 
Data combination allowed for an increased sample size and thus power to estimate 
SNP-heritabilities. In Chapter 4, bivariate analysis of twin data and exploration of rater 
effects on heritability estimates were performed as a follow-up of SNP-heritability 
results, described in Chapter 3. Based on this information, future molecular studies 
may analyze different ratings separately or in combination. A comprehensive set of 
behavioral and emotional problems was analyzed in 7-year old twins whose fathers and 
mothers rated them on all CBCL 6-18 empirical scales, including Internalizing (Anxious/
Depressed, Withdrawn/Depressed, Somatic Complaints), Externalizing (Rule-Breaking 
and Aggressive Behaviors), as well as Social, Thought, Attention Problems, Dysregulation 
Profile and Total Problems scales. Chapter 5 analyzed a dataset from adults, which was 
cross-platform imputed, as described in Chapter 2. NTR has collected genotype data 
across different time points and various genotyping platforms and have been cross-
platform imputed against GoNL reference to allow the combination of the data. With 
increased sample and using recent method to estimate SNP-heritability, including 
family members [37], we explored the genetic correlations between Subjective Well-
being (SWB) and personality traits, such as Neuroticism (NEU) and Extraversion (EXT). In 
Chapter 6, we analyzed MAGIC consortia summary statistics and computed homeostatic 
model assessment of β-cell function (HOMA-B) and Insulin resistance (HOMA-IR) from 
Fasting Insulin (FI) and Fasting Glucose (FG) meta-analyses results. Here, we employed 
the newly developed Genome Wide Inferred Statistics (GWIS) method [38], which allows 
to analytically infer the statistics of complex non-linear functions (i.e. HOMA) from its 
compounds (i.e. FI and FG). We compared effects of HOMA-IR and HOMA-B significant 
SNPs with their effect on FI and FG. Finally, we predicted the MDD status in Chapter 7 by 
computing the Polygenic Risk Score based on Fasting Glucose, Fasting Insulin, HOMA-B 
and HOMA-IR meta-analysis summary statistics. 


