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Introduction
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The Genetics of Complex Traits

In the field of genetic epidemiology, a complex trait is defined as a trait with a heritable component that 
does not follow a Mendelian inheritance pattern. Complex traits are influenced by multiple and sometimes 
interacting genetic and/or environmental factors. This characteristic makes it hard, if not impossible, to 
disentangle the genetics behind complex traits with the traditional linkage-based approach of gene 
mapping, which studies the cosegregation of genetic markers and disease within family pedigrees.

Finding genes for complex traits only became feasible after the introduction of the genome-wide 
association study (GWAS). In short, a GWAS is a scan for thousands or even millions of genetic variants that 
are located all over the genome, to test whether they are associated with a phenotype of interest (where 
the phenotype can be anything from diabetes or body weight to educational level or median income). 
However, a GWAS does not actually scan the entire genome. Instead, it takes advantage of the principle 
of linkage disequilibrium (LD) to skim-read the genome, thus drastically reducing the number of tests 
(and the amount of computer time and memory) required to analyse the genome. LD is the phenomenon 
that, at population level, two genetic loci on the same chromosome are correlated with one another. When 
they are in close proximity, LD is likely to be stronger because the farther away they are from each other, 
the more likely it is that, at some point in the family tree, a genetic recombination occurred that severed 
the link between the loci 1. This means that a single genetic variant can be used to tag the surrounding 
region of DNA, as any other nearby variant is likely to be in LD with the tagging variant. Consequently, if 
a genetic variant that is associated with the trait is not genotyped itself, but is tagged by a nearby variant, 
the association with the trait will also emerge from this nearby tagging variant. It has been estimated that 
a selection of 450,000 human single nucleotide polymorphisms (SNPs, the most commonly used type of 
variant, which is a single-base-pair substitution) is sufficient to tag the majority of known common SNPs (> 
10,000,000) in the European population 2, where common means that the minor allele of the SNP has a 
frequency of at least 5%. 

GWASs only became feasible as a result of three scientific advances. Firstly, the Human Genome Project 3, 

4 provided a standard sequence of the human DNA. Secondly, the HapMap project 2 identified individual 
differences in this sequence through mapping common SNPs and determined the LD structure between 
those SNPs in 270 individuals from three ethnic populations, thus allowing us to determine which SNPs 
are most useful as tagging variants. These two developments culminated in the final necessary step: 
the manufacturing of dense genotyping SNP arrays that could rapidly and accurately (and relatively 
inexpensively) capture the large number of common variants in the entire genome. By combining these 
technologies with the use of large biobanks (that is, a data repository containing many biological samples 
for use in research), GWASs became possible 1.

More recently, a variation on the GWAS methodology was developed to study the relation between genome-
wide DNA methylation and complex traits. Methylation of CpG sites (CpG means a cytosine nucleotide 
that is followed by a guanine nucleotide) is the most commonly studied epigenetic mechanism. Unlike 
in GWAS, where a SNP can have only one of two possible outcomes, the methylation of a CpG site is a 
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continuous outcome indicating the proportion of cells for which the CpG site is methylated. Beyond that, 
the methodology of an epigenome-wide association study (EWAS) is similar to that of a GWAS. It uses 
array technology to determine methylation levels at known CpG sites throughout the genome (early arrays 
covered 27,000 sites, newer ones cover 450,000 or even 850,000 CpGs), which is then correlated with the 
phenotype of interest 5.

Development of the (Epi)Genome-Wide Association Study

The past decade has yielded an explosion of GWAS findings that shows no sign of stopping. Starting with 
two SNPs for the first GWAS on age-related macular degeneration in 2005 6, the number of SNP-trait 
association identified by GWAS nowadays increased to 33,811 (unique SNP-trait associations reported in 
2,866 publications in the GWAS catalog 7 as of 14/4/2017). Similar developments can be expected for the 
EWASs. However, this is still a relatively new field, albeit one with an exponentially growing output.

The first GWASs used relatively simple analytical methods, as these are easier to program and take up less 
computer time and resources. The large amount of both input and output involved in the average GWAS 
(~2.5 million SNPs for a HapMap imputed dataset, and >15 million SNPs for a 1000 Genomes imputed 
dataset 8, 9) also emphasises brute force over sophistication. Furthermore, there is the drive to analyse ever 
larger samples, as the increased statistical power will allow us to find variants with ever smaller genetic 
effect sizes. This drive has also led to a proliferation of meta-analyses of GWASs (meta-GWASs), which 
increase the statistical power by combining the GWAS results of multiple cohorts for a single outcome 10-13.

However, upscaling the sample is not the only option to find more associated genetic variants. New 
statistical methods and software tools open up more sophisticated avenues to analyse genome-wide data. 
As such it is important to carefully consider the various options in order to obtain more or better information 
from a genome-wide dataset.

Aims of the thesis

Hence, in this thesis, we sought to develop novel ways to obtain more and better-quality results from 
genome-wide data, and apply them. We approached this problem from several angles:

• The development of software tools for the quality control of GWAS and EWAS data
• The application of software tools to determine heritability explained by genetic variants
• The development of methods to employ survival analysis in GWAS
• The application of novel methods for imputation and analysis of genetic data

The individual chapters, and how they fit into the overall thesis, are listed in the below table.
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Chapters
Software tools Statistical methods     

Development               Application Development Application

2: QCGWAS √

3: QCEWAS √

4: lodGWAS √ √

5: Missing Heritability of Complex Traits √ √ √

6: Heritability of  Neuroticism √ √

7: Kidney Function √

8: Cannabis - age at first use √ √

Outline

Section A: Development of Software Tools for Analysis and Quality Control of GWAS and 
EWAS

The sheer size of the average GWAS results file makes a manual quality control (QC) impractical. However, 
there is always the potential for an analysis to contain errors (ranging from using a bad model or the wrong 
unit of measurement to issues of file formatting), so it is important to establish that the results data are 
valid, of high quality, and comparable between cohorts. This is particularly important in the context of meta-
analysis, where the researcher will combine data from multiple sources. Although other software packages 
for automated quality control of GWAS files existed, we felt that these were insufficiently thorough and 
not well-documented. We also wanted a software package that could prepare the files for meta-analysis. 
Therefore, we developed the software package QCGWAS, which automates the QC, generates a detailed log 
and various graphs to allow a thorough quality check, and can also compare the results of multiple files to 
check if they are compatible for a meta-analysis. This package is described in Chapter 2.

Similar problems existed for conducting a meta-analysis of EWAS. As far as we were aware, no tool was 
available for running a QC over and preparing EWAS files for meta-analysis. Therefore, using QCGWAS as 
a basis, we developed the software package QCEWAS to address this. QCEWAS is described in Chapter 3.

In Chapter 4, we present a software package to perform a genome-wide analysis of biomarkers with a 
limit-of-detection (LOD) restriction. The LOD is the level below (or above) which the assay of the biomarker 
cannot provide accurate results. Current GWAS methods did not adequately handle values outside of the 
LOD. To solve this problem, we developed the software package lodGWAS, which uses survival analysis 
techniques to accurately model these values in a GWAS analysis.
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Section B: Application of Software Tools and Novel Statistical Methods

For many complex traits there is a gap between the total heritability and the genetic variance explained 
by known genetic variants. This is known as the missing heritability problem 14. In recent years, many 
novel SNPs associations with complex traits have been identified by meta-analyses carried out in large 
consortia. In order to determine whether the missing heritability is decreasing, we replicated all known 
SNPs associated with 32 complex traits in five disease categories (anthropometric, cardiovascular & renal, 
metabolic, haematology & inflammation, and lung function) in the Lifelines Cohort Study (n≈13,300, 15, 

16). Subsequently, these SNPs were combined into a genetic risk score for each trait and used to determine 
the amount of heritability explained by the known genetic variants. To determine the remaining missing 
heritability, we did not rely on estimates of total heritability from family and twin studies, but employed 
a new software method, genomic-relatedness-matrix restricted maximum likelihood (GREML) in the 
genome-wide complex trait analysis (GCTA) software package, that uses GWAS data of unrelated individuals 
to estimate the proportion of variance of a trait that can be explained by all common SNPs (as opposed to 
known variants only) 17. By comparing this with the variance explained by the genetic risk score, we can 
determine how much of the common-SNP heritability is still missing. This is described in Chapter 5. In this 
chapter we also present a new method to control for overlap between discovery and replication samples. 
Our genetic risk scores are based on the results of large meta analyses, which sometimes included the 
Lifelines cohort. If Lifelines cohort data were used both for constructing the genetic risk score and validation 
of that score, this would cause the estimates of the variance explained by the genetic risk score to be inflated 
18. By “subtracting” the Lifelines effect from our genetic risk score, we were able to prevent this.

In Chapter 6, we use GREML to investigate how much of neuroticism’s heritability can be explained 
by common SNPs in an Estonian and a Dutch cohort. Neuroticism is a complex trait that is substantially 
heritable, but for which few genetic variants have yet been identified. With GREML, we could not only 
determine the common-SNP heritability of neuroticism, but also test whether the heritability differed 
between the Estonian and Dutch cohorts. Furthermore, we endeavoured to obtain more precise estimates 
of the common-SNP heritability than previous studies by using the same method to score neuroticism in 
both cohorts (as opposed to harmonizing scores of multiple methods between cohorts), looking at the 
subscales of neuroticism as well as the overall scale, using residual scores (corrected for the effect of other 
facet/domain scores), and investigating whether neuroticism as reported by a knowledgeable other person 
(a spouse, relative, or close friend) is more or less heritable than self-reported neuroticism.

In Chapter 7, we describe a meta-GWAS of the estimated glomerular filtration rate calculated from serum 
creatinine (eGFRcrea). Previous efforts for this phenotype identified 53 associated SNPs, but as with other 
complex traits, these SNPs account for only a fraction of the total heritability of eGFRcrea 11, 19-23. In addition, 
it only analysed SNPs imputed using the HapMap project reference panel 2. In this analysis, we used a newer 
reference panel, the 1000 Genomes Project, which is based on more samples, includes more variants, and 
provides better tagging, particularly of low-frequency variants 8. In addition, polygenic risk score analysis 
was performed to determine the maximal variance that can be explained by SNPs, by testing multiple 
genetic risk scores composed of SNPs meeting different significance thresholds 24. In this way, we hoped to 
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determine whether there are additional genetic variants that explain part of the variance, but did not reach 
genome-wide significance in the GWAS due to limited statistical power to detect small effects.

In Chapter 8, we describe a meta-GWAS of the age of onset of cannabis usage. Cannabis usage is associated 
with a variety of adverse outcomes. This occurs more frequently with an early onset of cannabis use 25. Young 
onset of cannabis use is also associated with increased odds of abuse of other substances 26-29. However, 
previous studies into the heritability of age-of-initiation of cannabis use have yielded contradictory results. 
One possible explanation may be the different ways of expressing the phenotype. Does one analyse it as a 
continuous variable, or as an ordinal one (e.g. “young”, “middle aged”, “old”, “never”)? The problem with the 
first solution is that it cannot include never-users, while the latter assumes that never-users won’t become 
users afterwards. In this chapter we solve the problem of analysing it as a continuous variable by employing 
survival analysis. By treating the age of the never-user as a censored data point (i.e., at that point he or she 
was not a user) it can be accurately modelled in the analyses, which increases sample size and statistical 
power.
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Abstract

QCGWAS is an R package that automates the quality control of genome-wide association result files. 
Its main purpose is to facilitate the quality control of a large number of such files before meta-analysis. 
Alternatively, it can be used by individual cohorts to check their own result files. QCGWAS is flexible and has 
a wide range of options, allowing rapid generation of high-quality input files for meta-analysis of genome-
wide association studies.

The package is available at: 
https://cran.r-project.org/web/packages/QCGWAS

Supplementary information can be found at Bioinformatics Online: 
https://academic.oup.com/bioinformatics 
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Introduction

The number of consortia aiming to identify genes for complex traits through meta-analysis of genome-wide 
association studies (GWAS) has mushroomed in the past 6 years. The advantage of this strategy is that large 
sample sizes can be reached, allowing detection of genetic variants with small effects. A downside is the lack 
of unified quality control (QC) on the GWAS analyses of the individual cohorts, as each cohort will typically 
perform their own analysis according to a standard analysis plan and share only summary statistics. GWAS 
result files are prone to errors due to the vast amount of data they contain and the different manner in which 
these data are generated by individual cohorts. Before combining data from individual studies in a meta-
analysis, it is important to ensure that all data included are valid, of high quality and compatible between 
cohorts to reduce both the false-positive and the false-negative findings1. Because GWAS result files usually 
contain a standard set of variables, it is feasible to automate the QC of these files, thereby gaining speed, 
reliability, flexibility and the possibility to perform more elaborate checks.

To our knowledge, the only other software package currently available for QC of GWAS result files is 
GWAtoolbox2. However, GWAtoolbox does not produce cleaned results files, is less flexible regarding file 
format and uses a restrictive format for the QC log. This makes it less suited for processing (and comparing) 
large numbers of files in preparation of a meta-analysis. It also does not check allele information or allow for 
the retesting of individual QC steps. To address these shortcomings, we developed QCGWAS with the aim to 
automate QC and allow rapid generation of high-quality input files for GWAS meta-analyses.

Approach

Implementation

QCGWAS is built as a package for R3. The R platform was chosen because it is operating-system independent, 
commonly used, open source, can handle large datasets and is flexible regarding input file format. QCGWAS 
requires R version 3.0.1 or later (64-bit recommended) and can be downloaded from the Comprehensive R 
Archive Network Website (http://cran.r-project.org).

Usage

The main QC by QCGWAS is executed by the QC_series(…) command. This function requires a minimum of 
two parameters: a list of filenames of GWAS result files and a translation table for the file headers. All other 
parameters are optional, allowing for a flexible and user-customized QC.
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Approach

A standard QC consists of six steps (Figure 1):

Stage 1: a GWAS result file is inspected for missing and invalid data. Duplicated single nucleotide 
polymorphisms (SNPs) and SNPs lacking crucial variables are removed.

Stage 2: alleles and strand information are checked and fixed by matching it to a given reference (e.g. 
HapMap). The SNPs can be removed when their alleles or allele frequencies do not match the reference. 
This harmonizes the alleles across result files. Next, it correlates the reported allele frequencies for all SNPs 
to those from the reference set and generates scatter plots to show deviations (Supplementary Figure S1).

Stage 3: QC plots are generated (see Supplementary Figure S2-4). These include histograms of the 
distribution of SNP quality parameters (allele frequencies, Hardy-Weinberg equilibrium P-values, call rates 
and imputation quality), a Manhattan plot and a series of Quantile-Quantile (QQ) plots filtered for SNP 
quality.

Stage 4: various QC statistics are calculated, of which the most important are: the genomic-control lambda 
to check for population stratification4, Visscher’s statistic5 to determine whether the standard errors are 
in line with the sample size reported, the skewness and kurtosis of the effect-size distribution, and the 
correlation between the reported P-values and those calculated from the effect size and standard error.

Stage 5: the cleaned GWAS result file is saved and extensive QC information is written to a log file. The 
cleaned file can be saved in different formats, ensuring compatibility for immediate meta-analysis by 
GWAMA6, META7, MetABEL8, METAL9 or PLINK10.

Stage 6: several between-study checks are performed, including a comparison of skewness and kurtosis, 
of sample sizes and standard errors and of effect-size range to identify incorrect units and/or trait 
transformations (Supplementary Figure S5). A checklist of QC statistics is also created.

Each of the steps of the QC can be enabled or disabled by the user, allowing for a flexible QC pipeline, and 
quick retests of particular steps. Finally, independent functions are provided for the creation of histograms 
or QQ plots using combinations of filter parameters and regional association plots.

Performance

On a Windows 7 computer with 2.4 GHz and 48 GB RAM, a QC of a HapMap-imputed GWAS result file (2.5 
million SNPs) takes between 5 and 15 min/file. Memory usage is between 2 and 3 GB, depending on the 
number of graphs to be created. Sequence-imputed results files, such as 1000 Genomes-based data11 take 
~40 minutes and 20 GB of RAM.

FIGURE 1 | Flow diagram of the six steps (marked by light 
grey shaded rectangles) comprising the default QC performed 
by QCGWAS. Input files are indicated by hexagons and the 
created output files by rounded rectangles. Dashed lines 
indicate that the check is optional.
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Conclusion

QCGWAS is a flexible and comprehensive package for automated QC of GWAS result files. It can handle 
a large number of files within reasonable time and is therefore particularly useful for a centralized QC 
preceding a GWAS meta-analysis. It can also be used by individual cohorts to inspect the quality of their 
results. Currently it is geared toward quantitative traits, but case-control results can also be used with proper 
transformations. Future versions of the package are under development to accommodate non-SNP variants, 
such as used in sequence-based GWAS data.
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Abstract

Summary: The increasing popularity of epigenome-wide association studies (EWAS) has led to the 
establishment of several large international meta-analysis consortia. However, when using data originating 
from multiple sources, a thorough and centralized quality control is essential. To facilitate this, we developed 
the QCEWAS R package. QCEWAS enables automated quality control of results files of EWAS. QCEWAS 
produces cohort-specific statistics and graphs to interpret the quality of the results files, graphs comparing 
results of multiple cohorts, as well as cleaned input files ready for meta-analysis.

The package is available at: 
https://cran.r-project.org/web/packages/QCEWAS
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Introduction

In recent years epigenome-wide association studies (EWAS) have gained increasing attention, resulting e.g. in two 
special issues in the International Journal of Epidemiology (February 2012 41:1 and August 2015 44:4). DNA 
methylation is one of the most studied and best understood mechanisms in epigenetics. It is often measured using 
the Infinium HumanMethylation27 or HumanMethylation450 BeadChip or the MethylationEPIC kit (Illumina Inc., 
San Diego, USA). 

Given the frequent use of these chips, meta-analysis to combine results of methylation analyses from multiple 
cohorts is an obvious choice. As in traditional genome-wide association studies, this increases the sample size and 
thus the statistical power to find Cytosine-phosphate-Guanine (CpG) sites that are associated with a disease or trait 
of interest and indeed the first meta-EWAS studies were recently published1, 2.  

However, before meta-analysing EWAS results originating from multiple sources, it is important to perform a 
thorough, centralized quality control (QC) in order to verify that cohort-specific results are valid, reliable and of high 
quality, and to check whether results are comparable between cohorts. Because EWAS results files are often large 
and checking them by hand is cumbersome, automation of this process is desirable and will result in compatible 
and harmonized results from all sources.

Therefore, we developed the QCEWAS software package, allowing fast and easy assessment of the quality of 
EWAS results files through informative figures and statistics. Compared to other software packages for the QC of 
EWAS results3, 4, QCEWAS allows for more extensive QC of individual cohort’s results as well as for a side-by-side 
comparison of multiple EWAS results. Additionally, the QCEWAS package can generate cleaned input files for use 
in existing meta-analysis programs.

Approach

Implementation

QCEWAS was built as a package for R5. The R platform was chosen as it is operating system independent, open source, 
can handle large datasets, and is flexible regarding input file format. In addition, most important software packages 
for analyzing EWAS data are also developed in R. QCEWAS requires R version 3 or later (64-bit recommended) and 
can be downloaded from the Comprehensive R Archive Network website (https://cran.r-project.org).

Usage

The QCEWAS package includes several functions, the most important ones being ‘EWAS_QC’ and ‘EWAS_series’. 
The first performs a thorough QC on a single EWAS results file; the second processes a series of results files by 
calling ‘EWAS_QC’ for every file and additionally produces graphs to compare data from the results files to one 
another.

The package can be used to process EWAS results from analyses using the 450k chip, the older 27k chip, as well as 
the newly developed MethylationEPIC chip (>850k CpGs).
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Results 

Features

For each results file, QCEWAS carries out the following checks:

a. data integrity: are the required data present and valid (e.g. no negative standard errors [SE] or 
p-values)?;

b. cohort-specific outlier detection and removal (optional);
c. allosomal sites removal (optional);
d. removal of questionable sites, e.g. polymorphic and crossreactive sites6 (optional);
e. effect size and SE distribution in histograms;
f. checking reported p-values by comparing them to p-values calculated from effect size and SE;
g. a QQ plot to assess over-/under-significance of results (Figure 1A);
h. the distribution of effect sizes versus p-values in a volcano plot (Figure 1B);
i. the location of the signals in a Manhattan plot (Figure 1C).

Additionally, two figures are produced using the EWAS_series function to compare QC statistics of multiple 
EWAS results files assuming that the range of phenotypic values analyzed by the different cohorts is similar: 
a precision plot, to test if precision (1/median[SE]) increases proportionally with sample size (Figure 1D); 
and a boxplot showing the distributions of the effect sizes per file (Figure 1E). Figure 1D shows one cohort 
file (no. 12) with a precision that is higher than expected. It is expected that all studies are on a diagonal 
line. Much deviation from this line may indicate phenotype scaling issues and that needs to be checked 
by the respective cohort. Figure 1E shows one clear outlying cohort (no. 12) with a much smaller spread of 
effect sizes than expected based on sample size, suggesting use of a different measure or analysis model.

Finally, QCEWAS can produce cleaned EWAS results files that are ready for meta-analysis by GWAMA7, 
META8, METAL9, or PLINK10.

Performance

On a 64-bit Windows 7 computer with 2.4GHz and 48GB RAM, a QC of an EWAS results file with ~470,000 
markers takes less than a minute and 400 MB of RAM.

Conclusion

With QCEWAS we developed a flexible and easy-to-use software package for a complete QC of EWAS results 
files, allowing users to detect errors that would have biased the subsequent meta-analysis.

FIGURE 1 | A selection of diagnostic plots 
showing cohort-specific (A–C) and between-cohort 
QC characteristics (D,E) produced by QCEWAS.
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Abstract

Summary: Genome-wide association study (GWAS) of a biomarker is complicated when the assay procedure 
of the biomarker is restricted by a Limit of Detection (LOD). Those observations falling outside the LOD 
cannot be simply discarded, but should be included into the analysis by applying an appropriate statistical 
method. However, the problem of LOD in GWAS analysis of such biomarkers is usually overlooked. 
‘lodGWAS’ is a flexible, easy-to-use R package that provides a simple and elegant way for GWAS analysis 
of such biomarkers while simultaneously accommodating the problem of LOD by applying a parametric 
survival analysis method.

The package is available at: 
https://cran.r-project.org/web/packages/lodGWAS

Supplementary information can be found at Bioinformatics Online:
https://academic.oup.com/bioinformatics 
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Introduction

Genome-wide association study (GWAS) of a biomarker such as immunoproteins (e.g. C-reactive protein), 
cytokines (e.g. interleukins) and hormones (e.g. testosterone) is complicated if the detection range of the 
biomarker is restricted by the assay procedure. So far GWAS analyses of such biomarkers inadequately dealt 
with the problem of the limit of detection. As a consequence, the identified associations might be biased. 
The limit of detection (LOD) is the smallest or largest concentration of a biomarker that can be reliably 
measured by the analytical procedure. Those measurements falling outside the LOD, so-called non-detects 
(NDs), cannot be considered as missing values since they do provide information about the distribution of 
the biomarker. Simple exclusion of NDs from the statistical analysis will therefore yield incorrect estimates. 
A number of statistical approaches have been proposed to deal with the problem of LOD while still including 
those NDs in the statistical analysis, such as: analyzing detect/non-detect dichotomies, substituting NDs 
with a constant smaller than or equal to the lower LOD, or substituting NDs with a random value between 
zero and lower LOD1. However these methods insufficiently account for the available information provided 
by NDs, particularly when NDs comprise a large proportion of the data. 

Recently Dinse and colleagues proposed to apply survival analysis to overcome the problem of LOD2. They 
stated that NDs can be viewed as censored data, as they are known to fall within a certain interval. More 
details on this can be found in the Supplementary data. This approach could also be applied to GWAS 
data. However, currently available software packages for GWAS analysis are not flexible enough to properly 
account for NDs. We developed ‘lodGWAS’, a flexible, easy-to-use software package that is capable of 
performing GWAS analysis of biomarkers while accommodating the problem of LOD by applying survival 
analysis in which NDs are treated as censored data.

Approach

Implementation

lodGWAS is built as a package for R3. The R platform was chosen as it is operating system-independent, 
commonly used, open source, and can handle large datasets. lodGWAS depends upon the “survival” R 
package4. It appropriately treats NDs as censored data, and performs a genome-wide parametric survival 
analysis by including both ‘measured’ and ‘censored’ values. In this way, it allows full use of the available 
data.

Usage

The lodGWAS package provides two functions: the first enables the user to check the quality of the input 
data, and the second to perform a genome-wide censored survival analysis.

GWAS analysis is prone to errors in the input files. Therefore we emphasize the need for a thorough 
quality control of the input files, and in particular, the phenotype file. The function ‘lod_QC’ checks if the 
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phenotype values within or outside LOD are coded correctly, provides a number of descriptive statistics 
about the phenotype coding, and generates warning messages on suspected problems. The main function 
is ‘lod_GWAS', which enables the user to perform a GWAS using survival analysis for censored data.

Results 

Features

lodGWAS provides a number of options allowing for a flexible and user-customized GWAS analysis. It can 
handle NDs resulting from both lower and upper LODs (left- and right-censored data, respectively), as well 
as multiple lower and/or upper LOD levels (as in the case of multiple assay types). Additionally, the user can 
adjust the analysis for covariates, and specify the assumed distribution of the phenotype.

The genomic data, either genotyped and/or imputed, should be provided in dosage format, which 
contains more information than the best-guess genotype format. lodGWAS is capable of handling all three 
commonly used dosage formats, as it will automatically recognize whether there is one (dosage), two (two-
probabilities) or three (three-probabilities) columns of data per individual.

The output data will be optionally saved in a compressed or uncompressed file. lodGWAS supports a 
variety of output file formats, ensuring compatibility with different downstream software packages, like we 
implemented in QCGWAS5.

TABLE 1 | Four different GWAS analyses on serum levels of CRP in the LifeLines cohort study with and without assuming a 
lower LOD.

Software Statistical Method Complete data Censored data (39%)

PLINK Linear regression #1: all samples #3: only samples ≥ LOD

lodGWAS Survival analysis #2: all samples #4: both < LOD & ≥ LOD

Example application in real human samples

As an example application of lodGWAS, we performed four GWAS analyses on serum levels of C-reactive 
protein (CRP) in the LifeLines cohort study6. CRP levels as well as GWAS data were available for 12,838 
healthy individuals (see supplementary information for more details). Measurements of CRP were not 
restricted by lower or upper LOD, yielding a complete dataset. We analyzed the data with both PLINK7, 
considered as gold standard, and lodGWAS. To demonstrate the robustness of the results of lodGWAS, 
we also performed a second set of analyses using an arbitrary lower LOD of 1.0 mg/L, which is equal to 
the LOD of some older CRP assays. In this way, CRP values less than this assumed LOD, i.e. 39% of the 
whole sample size, were discarded by PLINK, and were considered as left-censored by lodGWAS (Table 1). 
Figure 1 and supplementary Figure S1 show that GWAS results of analyses by PLINK and lodGWAS on 
the complete dataset were identical. The PLINK analysis that discarded 39% of data below LOD yielded 
biased results that only modestly correlated with the gold standard (Pearson's correlation of estimated 
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effect sizes: rβ=0.58; Pearson's correlation of –log10(p-value): rp=0.32). Moreover, the highly significant 
peaks that were observed on chromosomes 1, 12, and 19 completely disappeared in this analysis (Figure 
S1). The results of the lodGWAS analysis accounting for 39% NDs, however, were unbiased and showed 
high correlation to the gold standard (rβ=0.96; rp=0.93).

FIGURE 1 | The correlation scatter plots of the estimated (A) effect sizes, and (B) log transformed p-values of analyses #2, #3, 
and #4 versus analysis #1 (as described in Table 1).

Real applications

lodGWAS has already been applied by a number of cohorts as collaborators in a large-scale meta-GWAS 
project on serum levels of CRP within the context of the inflammation working group of the CHARGE 
consortium (http://www.chargeconsortium.com) (manuscript in preparation). For each of these cohorts the 
effect sizes of the individual cohort’s GWAS were comparable to those of the meta-analysis (data not shown).

Conclusion

In this study we show the importance of applying an appropriate statistical method for GWAS analysis 
of biomarkers whose measurements are constrained by limits of detection. With lodGWAS we provide a 
flexible, easy-to-use R package for a simple and elegant way to perform GWAS analysis of such biomarkers 
while accommodating NDs.

Conflict of Interest: none declared.
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Abstract

Despite the recent explosive rise in number of genetic markers for complex disease traits identified in 
genome-wide association studies, there is still a large gap between the known heritability of these traits 
and the part explained by these markers. To gauge whether this “heritability gap” is closing, we first 
identified genome-wide significant SNPs from the literature and performed replication analyses for 32 
highly relevant traits from five broad disease areas in 13,436 subjects of the Lifelines Cohort. Next, we 
calculated the variance explained by multi-SNP genetic risk scores (GRSs) for each trait, and compared it to 
their broad- and narrow-sense heritabilities captured by all common SNPs. The majority of all previously-
associated SNPs (median=75.0%) were significantly associated with their respective traits. All GRSs were 
significant, with unweighted GRSs generally explaining less phenotypic variance than weighted GRSs, for 
which the explained variance was highest for height (15.5%) and varied between 0.02 and 6.7% for the 
other traits. Broad-sense common SNP heritability estimates were significant for all traits, with the additive 
effect of common SNPs explaining 48.9% of the variance for height and between 5.6 and 39.2% for the 
other traits. Dominance effects were uniformly small (0- 1.5%) and not significant. On average, the variance 
explained by the weighted GRSs accounted for only 10.7% of the common SNP heritability of the 32 traits. 
These results indicate that GRSs may not yet be ready for accurate personalized prediction of complex 
disease traits limiting widespread adoption in clinical practice.

Supplementary information can be found at the website of the 
European Journal of Human Genetics: 
http://www.nature.com/ejhg/
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Introduction

In recent years, many large international consortia have performed meta-analyses of genome-wide 
association studies (GWASs), identifying numerous associations of common genetic variants (i.e. single 
nucleotide polymorphisms [SNPs]) with a wide variety of diseases and traits 1, 2. The rapid increase in the 
number of SNPs identified provides an opportunity to systematically examine the quantitative impact of 
these common genetic variants, individually or collectively as part of a genetic risk score (GRS). Such GRSs 
offer promise for personalized prediction of complex disease risk with potential future application in clinical 
practice.

Lifelines is a multi-disciplinary population-based prospective cohort study examining the health and 
health-related behaviours of 167,729 persons living in the North East region of the Netherlands in a 
three-generation family design 3, 4. The general aim of the Lifelines Cohort Study is to unravel how life-time 
exposure to environmental and genetic risk factors and their interaction influences individual susceptibility 
to multifactorial diseases. Lifelines not only provides an in-depth characterization of the biomedical, socio-
demographic, behavioural, physical and psychological factors that contribute to health and disease in the 
general population, it also employs a broad disease-and organ-overriding phenotypic characterization of 
its participants allowing it to validly address questions concerning the multi-morbidity that occurs with 
ageing, rather than focusing on single-disease conditions. Its representativeness for the population in the 
Northern Netherlands was recently shown 5 and the age-related multi-morbidity was documented 6. Thus, 
Lifelines is particularly suited to investigate causes of morbidity across disease domains. Along the same 
lines, genotype-phenotype associations were assessed for multiple disease domains in the current paper.

The aim of this study was to test the validity and reliability of the Lifelines Cohort Study for genetic 
research of a wide range of complex disease traits, and to gauge whether the “heritability gap” of these 
traits is closing. To this end, we collected dedicated data on a wide variety of phenotypes and performed 
genome-wide genotyping on more than 13,000 unrelated individuals. We selected 32 continuous traits 
from five broad disease areas (musculoskeletal, cardiovascular and renal, metabolic, haematologic and 
inflammatory, and pulmonary), for which we compiled a list of genome-wide significantly associated 
index-SNPs based on the GWAS catalog 2 and performed an extensive literature search. For each of the 32 
traits we (i) tested whether associations with previously identified index SNPs could be replicated in the 
Lifelines cohort; (ii) determined how much of the phenotypic variance could be explained by the known 
variants when combined in a GRS 7, 8; and (iii) calculated the percentage of variance explained by additive 
(h2

SNP) and dominance variation (δ2
SNP) at all common SNPs, because estimates of the narrow-sense (h2

SNP) 
and the broad-sense heritability (H2

SNP = h2
SNP + δ2

SNP) captured by SNPs 9 provide an upper bound to the 
explanatory power of genetic variants that can be discovered by GWAS 9-11.
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Material and Methods

Trait & SNP selection

FIGURE 1 | Flow diagram showing the paper and SNP selection process of known SNP-phenotype associations for the 32 
traits assessed in this study. For some traits multiple papers were selected (see Table 1) if sample sizes of several GWAS 
papers were similarly large, or there were additional papers using a gene-centric array.
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Our selection of traits was based on two criteria: (i) it had to be a continuous trait measured in the baseline 
visit of the Lifelines Cohort Study, and (ii) a meta-GWAS on the trait including at least 10,000 European 
individuals had to have been published. We searched the GWAS catalog 1, 2 for original papers describing 
or meta-analysing GWAS of the selected traits (date: 14/01/2015). In addition, we performed a literature 
search to identify papers that used a gene-centric genotyping platform for association analysis (Figure 1). 
From the resulting list of publications, we selected the paper(s) with the largest sample size of European 
individuals (at least 10,000 individuals). This led to selection of multiple papers for several traits, if the 
sample sizes of these papers were similarly large, or there were additional papers using a gene-centric 
array (Table 1). From these papers we identified index SNPs that were significantly associated with the 
phenotypes of interest. The criterion for statistical significance depended on the genotyping platform. For 
analyses based on a genome-wide SNP array, the standard genome-wide significance threshold was used 
(P = 5x10-8). For gene-centric genotyping platforms we used the threshold of significance from the original 
papers. Preferably, statistical significance was assessed based on the P-value of the combined analysis of 
discovery and replication samples. If a study did not include a (P-value for the) combined analysis, we used 
the P-values from the discovery phase. For each selected SNP, we recorded the effect size (beta + direction of 
effect), standard error, P-value, and effect allele, when available. For the effect sizes, we used the effect size 
derived from the combined analysis of discovery and replication cohorts if given. If not, we used the effect 
size in the replication cohort if available, and otherwise that of the discovery. If multiple papers contributed 
SNPs for a particular trait and they used different units, transformations, or meta-analysis methods, we 
transformed the effect sizes of the studies to make them comparable.



38   |   Chapter 5 Missing heritability: is the gap closing?   |   39

5

Ta
bl

e 
1 

| L
is

t o
f t

he
 3

2 
se

le
ct

ed
 c

on
tin

uo
us

 d
is

ea
se

 tr
ai

ts
 in

 L
ife

lin
es

 fr
om

 fi
ve

 b
ro

ad
 d

is
ea

se
 a

re
as

 a
nd

 d
et

ai
ls

 o
n 

th
ei

r t
ra

ns
fo

rm
at

io
ns

, c
ov

ar
ia

te
s, 

an
d 

ex
cl

us
io

ns
 u

se
d 

fo
r g

en
et

ic 
an

al
ys

is
. E

xc
l.=

ex
cl

us
io

ns
; l

n 
=

 n
at

ur
al

 lo
ga

rit
hm

; I
NR

 =
 in

ve
rs

e 
no

rm
al

 o
f r

es
id

ua
ls

; L
LD

 =
 li

pi
d-

lo
w

er
in

g 
dr

ug
s (

AT
C 

C1
0)

; S
D 

=
 st

an
da

rd
 d

ev
ia

tio
n;

 se
c =

 se
co

nd

Tr
ai

t (
un

it)
Ab

br
ev

ia
tio

n
Tr

an
sf

or
m

at
io

n
Co

va
ri

at
es

Ex
cl

.
Re

fe
re

nc
e

An
th

ro
po

m
et

ri
cs

 
 

 
 

 

Bo
dy

 m
as

s i
nd

ex
 (k

g/
m

2 )
BM

I
IN

R
Se

x, 
ag

e,
 ag

e2
30

a , 3
1

He
ig

ht
 (c

m
)

He
ig

ht
Z-s

co
re

s
Se

x, 
ag

e
22

a , 3
2

W
ai

st-
hi

p 
ra

tio
W

HR
ad

jB
M

I
IN

R
Se

x, 
ag

e,
 B

M
I

33
a , 3

4

Ca
rd

io
va

sc
ul

ar
 &

 re
na

l
 

Sy
sto

lic
 b

lo
od

 p
re

ss
ur

e 
(m

m
Hg

)
SB

P
b

Se
x, 

ag
e,

 ag
e2 , B

M
I

c
35

, 3
6a , 3

7a

Di
as

to
lic

 b
lo

od
 p

re
ss

ur
e 

(m
m

Hg
)

DB
P

b
Se

x, 
ag

e,
 ag

e2 , B
M

I
c

35
, 3

6a , 3
7a

He
ar

t r
at

e 
(b

pm
)

HR
Se

x, 
ag

e,
 ag

e2 , B
M

I
d

38
a

PR
 in

te
rv

al
 (m

s)
PR

Se
x, 

ag
e,

 h
ei

gh
t, 

BM
I, 

HR
, S

BP
e

39

QR
S 

in
te

rv
al

 (m
s)

QR
S

Se
x, 

ag
e,

 h
ei

gh
t, 

BM
I

f
40

QT
 in

te
rv

al
 (m

s)
QT

Se
x, 

ag
e,

 H
R

g
41

a

Se
ru

m
 cr

ea
tin

in
e 

(µ
m

ol
/l)

Cr
ea

t
lo

g 10
Se

x, 
ag

e
42

Es
tim

at
ed

 g
lo

m
er

ul
ar

 fi
ltr

at
io

n 
ra

te
 (c

re
at

in
in

e,
 m

l/m
in

 p
er

 1
.7

3 
m

2 )
eG

FR
cr

ea
ln

Se
x, 

ag
e

43

Ur
in

ar
y a

lb
um

in
 / 

cr
ea

tin
in

e 
ra

tio
 (m

g/
g)

UA
CR

ln
Se

x, 
ag

e
44

Se
ru

m
 u

ra
te

 (m
g/

dl
)

Ur
at

e
Se

x, 
ag

e
45

a

 M
et

ab
ol

ic
 

Al
ka

lin
e 

ph
os

ph
at

as
e 

(IU
/L

)
AL

P
lo

g 10
Se

x, 
ag

e
46

Al
an

in
e 

tra
ns

am
in

as
e 

(IU
/L

)
AL

T
lo

g 10
Se

x, 
ag

e
46

Ga
m

m
a-

gl
ut

am
yl 

tra
ns

fe
ra

se
 (I

U/
L)

GG
T

lo
g 10

Se
x, 

ag
e

46

Fa
sti

ng
 g

lu
co

se
 (m

m
ol

/L
)

FG
Se

x, 
ag

e
h

47
, 4

8

Gl
yc

at
ed

 h
ae

m
og

lo
bi

n 
(%

)
Hb

A1
c

Se
x, 

ag
e

i
49

HD
L c

ho
le

ste
ro

l (
m

g/
dl

)
HD

L
IN

R
Se

x, 
ag

e,
 ag

e2
LL

D
50

LD
L c

ho
le

ste
ro

l (
m

g/
dl

)
LD

L
IN

R
Se

x, 
ag

e,
 ag

e2
LL

D
50

To
ta

l c
ho

le
ste

ro
l (

m
g/

dl
)

TC
IN

R
Se

x, 
ag

e,
 ag

e2
LL

D
50

Tri
gl

yc
er

id
es

 (m
g/

dl
)

TG
IN

R
Se

x, 
ag

e,
 ag

e2
LL

D
50



Missing heritability: is the gap closing?   |   39

5

 H
ae

m
at

ol
og

y 
&

 In
fla

m
m

at
io

n

C-
re

ac
tiv

e 
pr

ot
ei

n 
(m

g/
l)

CR
P

ln
Se

x, 
ag

e
51

Ha
em

og
lo

bi
n 

(g
/d

l)
Hb

Se
x

>
 3

 S
D

52
a

M
ea

n 
co

rp
us

cu
la

r v
ol

um
e 

(fl
)

M
CV

Se
x

>
 3

 S
D

52
a

M
ea

n 
co

rp
us

cu
la

r h
ae

m
og

lo
bi

n 
(p

g)
M

CH
Se

x
>

 3
 S

D
52

a

Re
d 

bl
oo

d 
ce

ll 
co

un
t (

10
12

/l)
RB

C
Se

x
>

 3
 S

D
52

a

W
hi

te
 b

lo
od

 ce
ll 

co
un

t (
10

3 /m
l)

W
BC

Se
x, 

ag
e

>
 3

 S
D

53

Pl
at

el
et

 co
un

t (
10

9 /l)
PL

T
Se

x, 
ag

e
>

 6
 S

D
54

a , 5
5

 Lu
ng

 fu
nc

tio
n

 

Fo
rc

ed
 e

xp
ira

to
ry

 vo
lu

m
e 

in
 1

 se
c (

m
l)

FE
V1

IN
R

Se
x, 

ag
e,

 ag
e2 , h

ei
gh

t, 
sm

ok
in

g
56

Fo
rc

ed
 vi

ta
l c

ap
ac

ity
 (m

l)
FV

C
ag

e,
 ag

e2 , s
ex

, h
ei

gh
t, 

he
ig

ht
2 , w

ei
gh

t, 
sm

ok
in

g
57

a

FE
V1

/F
or

ce
d 

vit
al

 ca
pa

cit
y

FE
V1

/F
VC

IN
R

Se
x, 

ag
e,

 ag
e2 , h

ei
gh

t, 
sm

ok
in

g
 

56

a  R
es

ul
ts 

of
 th

es
e 

pa
pe

rs
 w

er
e 

co
rre

cte
d 

fo
r t

he
 e

ffe
ct 

of
 Li

fe
lin

es
 fo

r t
he

 cu
rre

nt
 st

ud
y, 

be
ca

us
e 

Lif
el

in
es

 p
ar

tic
ip

at
ed

 in
 th

e 
or

ig
in

al
 m

et
a-

GW
AS

b  Fo
r i

nd
ivi

du
al

s w
ho

 to
ok

 an
tih

yp
er

te
ns

ive
 o

r b
lo

od
 p

re
ss

ur
e 

lo
we

rin
g 

m
ed

ica
tio

n 
(A

TC
 C

02
, C

03
, C

07
, C

08
, o

r C
09

) 1
0 

m
m

Hg
 w

as
 ad

de
d 

to
 th

ei
r D

BP
 an

d 
15

 m
m

Hg
 to

 th
ei

r S
BP

 
c  In

di
vid

ua
ls 

wi
th

 a 
hi

sto
ry

 o
f m

yo
ca

rd
ia

l i
nf

ar
cti

on
 o

r h
ea

rt 
fa

ilu
re

, c
or

on
ar

y a
rte

ry
 d

ise
as

e,
 a 

by
pa

ss
 o

r d
ot

te
r t

re
at

m
en

t, 
or

 a 
m

iss
in

g 
DB

P/
SB

P 
m

ea
su

re
m

en
t

d  In
di

vid
ua

ls 
wi

th
 a

tri
al

 fi
br

ill
at

io
n 

(m
iss

in
g 

PR
 in

te
rv

al
), 

a 
hi

sto
ry

 o
f m

yo
ca

rd
ia

l i
nf

ar
cti

on
 o

r h
ea

rt 
fa

ilu
re

, o
r d

ru
gs

 o
f t

he
 A

TC
 ca

te
go

rie
s C

01
AA

05
, C

07
, a

nd
 C

08
 (c

al
ciu

m
-a

nt
ag

on
ist

s, 
be

ta
-b

lo
ck

er
s, 

an
d 

di
go

xin
)

e  In
di

vid
ua

ls 
wi

th
 a

tri
al

 fi
br

ill
at

io
n 

(m
iss

in
g 

PR
 in

te
rv

al
), 

a 
hi

sto
ry

 o
f m

yo
ca

rd
ia

l i
nf

ar
cti

on
 o

r h
ea

rt 
fa

ilu
re

, u
se

 o
f a

 p
ac

em
ak

er
, d

ru
gs

 o
f t

he
 A

TC
 ca

te
go

rie
s C

01
B 

an
d 

C0
1A

A0
5 

(cl
as

s I
 a

nd
 II

I b
lo

ck
in

g 
m

ed
ica

tio
n 

an
d 

di
go

xin
), 

or
 p

re
gn

an
t f

em
al

es
f  In

di
vid

ua
ls 

wi
th

 at
ria

l fi
br

ill
at

io
n 

(m
iss

in
g 

PR
 in

te
rv

al
), 

a h
ist

or
y o

f m
yo

ca
rd

ia
l i

nf
ar

cti
on

 o
r h

ea
rt 

fa
ilu

re
, u

se
 o

f a
 p

ac
em

ak
er

, o
r d

ru
gs

 o
f t

he
 A

TC
 ca

te
go

ry
 C

01
B 

(cl
as

s I
 an

d 
III

 b
lo

ck
in

g 
m

ed
ica

tio
n)

g  In
di

vid
ua

ls 
wi

th
 a

tri
al

 fi
br

ill
at

io
n 

(m
iss

in
g 

PR
 in

te
rv

al
), 

a 
hi

gh
 ( 

>
 1

20
 m

s) 
or

 a
bs

en
t Q

RS
 in

te
rv

al
, u

se
 o

f a
 p

ac
em

ak
er

, d
ru

gs
 o

f t
he

 A
TC

 c
at

eg
or

ie
s 

C0
1B

, C
07

, C
08

, a
nd

 C
01

AA
 (c

la
ss

 I-
IV

 a
nt

i-
ar

rh
yt

hm
at

ics
 an

d 
di

gi
ta

lis
), 

or
 p

re
gn

an
t f

em
al

es
h  In

di
vid

ua
ls 

wi
th

 d
ia

gn
os

ed
 d

ia
be

te
s o

r r
ec

ei
vin

g 
di

ab
et

es
 tr

ea
tm

en
t o

r a
nt

id
ia

be
tic

 d
ru

gs
 (A

TC
 A

10
), 

no
n-

fa
sti

ng
 sa

m
pl

es
, o

r p
re

gn
an

t f
em

al
es

i  In
di

vid
ua

ls 
wi

th
 d

ia
gn

os
ed

 d
ia

be
te

s o
r r

ec
ei

vin
g 

di
ab

et
es

 tr
ea

tm
en

t o
r a

nt
id

ia
be

tic
 d

ru
gs

 (A
TC

 A
10

), 
hi

gh
 fa

sti
ng

-g
lu

co
se

 (≥
 7

.0
 m

m
ol

/l)
, n

on
-fa

sti
ng

 sa
m

pl
es

, o
r p

re
gn

an
t f

em
al

es



40   |   Chapter 5 Missing heritability: is the gap closing?   |   41

5

Genotyping and imputation 

A total of 15,638 presumably unrelated individuals of the Lifelines Cohort Study were selected for genome-
wide genotyping on the Illumina CytoSNP 12 v2 array and called in GenomeStudio (Illumina, Inc., San 
Diego, CA, USA). A pre-imputation quality control was carried out in PLINK 12. SNPs with a call rate < 95%, 
Hardy-Weinberg equilibrium P-value < 0.0001, or minor allele frequency < 1% were excluded, as were 
samples with a sex mismatch, deviating heterozygosity (>4 s.d. from mean), non-European ancestry, a call 
rate < 95%, or that were duplicates or first-degree relatives. A total of 268 407 SNPs and 13 436 samples 
remained after quality control. Imputation was carried out using Beagle v3.1.0 13 with the HapMap Phase 2 
CEU reference panel (release 24, build 36) 14. To determine the genetic relationship matrices needed for the 
common SNP heritability estimation (see below) another imputation was performed using IMPUTE2 15 with 
the HapMap Phase 3 reference panel (release 2, build 36), as the HapMap Phase 3 SNP set was optimized 
to capture common genetic variation in the human genome 16. This latter imputed dataset was converted 
to best-guess genotypes: the most likely genotype was assigned for each SNP and for each individual when 
it had a probability >0.9, otherwise the genotype was set to missing for that individual. After conversion, 
SNPs with a call rate <0.95 were excluded. This yielded a set of 874,760 SNPs.

Statistical analysis

Correction for the Lifelines’ effect size

To obtain unbiased estimates, the validation cohort (i.e. Lifelines) needs to be completely independent of 
the discovery sample 7. As some of the selected papers included Lifelines data in their meta-analysis, we 
corrected their results for the “Lifelines effect” by recalculating the SNP’s effect sizes (betas) and standard 
errors (SEs) using inverse versions of the formula for an inverse-variance fixed-effects meta-analysis:

β β
β

  
⋅ − ⋅  

   =
−

2 2

2 2

1 1

1 1

meta Lifelines
meta Lifelines

corrected

meta Lifelines

SE SE

SE SE

and 

=
−2 2

1
1 1corrected

meta Lifelines

SE

SE SE

where βmeta and SEmeta are the beta and SE of the SNP in the original meta-GWAS paper and βLifelines and SELifelines 
are the beta and SE in the Lifelines Cohort, which have been provided to the meta GWAS consortium. With 
the corrected beta and SE, we recalculated the P-value. If a SNP no longer met the significance threshold of 
the original paper, it was excluded.
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Only independently associated SNPs were included in our study. If a study did not test for independence 
between identified SNPs at a locus for the same trait, or if SNPs from multiple studies were included for a 
single trait, we calculated linkage disequilibrium between the SNPs in the Lifelines dataset. SNP pairs with 
an r2 < 0.1 were considered to be independent. If multiple dependent SNPs in a locus were reported in a 
single paper, we selected the most significant one. When multiple papers reported different, dependent 
SNPs in the same locus for the same trait, we selected the SNP from the study with the largest sample size.

Association analysis

Each trait was associated with the individual SNPs selected for that trait, as well as with two GRSs: the 
unweighted GRS, i.e. the sum of the risk allele dosages of selected SNPs; and the weighted GRS, i.e. 
the sum of the risk allele dosages of selected SNPs weighted by the corresponding effect size from the 
literature (if applicable corrected for the Lifelines’ effect size). To determine whether the inclusion of SNPs 
with low imputation quality in the GRSs contribute to explained variance we repeated the analyses for 
both unweighted and weighted GRS using only SNPs imputed with high quality (R2>0.5) in Lifelines. 
Association was tested using linear regression in R (rms package v4.2-0) 17, 18. For each of the traits we used 
the same unit, transformation, exclusion criteria and covariates as described in the original papers (Table 1) 
to achieve exact replication. Details on the trait measurements, which were all based on either the physical 
examination or biomaterial collection at the baseline visit of Lifelines, have been described previously 4. Ten 
principal components were added as covariates in order to correct for population stratification. The genome-
wide significant SNPs from the literature were considered replicated in Lifelines if they showed a one-sided 
P-value <0.05 and the same direction of effect. We chose a significance threshold of 0.05 because the 
selected SNPs are firmly established associated variants and hence no multiple testing correction was 
applied. To determine the percentage of variance explained (R2) by the GRS, we compared nested models 
(including covariates) with and without the GRS and calculated the difference in R2 between them. The GRS 
R2 values used in the remainder of the paper refer to this difference in R2.

Common SNP heritability

Genomic-Relatedness-Matrix Restricted Maximum Likelihood was performed using the genome-wide 
complex trait analysis (GCTA) software package 11 to determine the percentage of variance that can be 
attributed to common SNPs, i.e. the common SNP heritability. Only unrelated individuals (estimated 
pairwise relationship < 0.05) were included in this analysis (max N=10 234). We also estimated the 
dominance component using a recent extension of GREML 9. The variance explained by additive and 
dominance variation at all common SNPs are defined as h2

SNP = σ2
A / (σ2

A + σ2
D + σ2

e) and δ2
SNP = σ2

D / (σ2
A 

+ σ2
D + σ2

e), respectively, where h2
SNP is interpreted as the narrow-sense heritability captured by SNPs and 

H2
SNP = h2

SNP + δ2
SNP as the broad-sense heritability captured by SNPs. Please note that H2

SNP as defined here 
does not include an epistatic component, which is expected to be small 9. 
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Results

Trait selection

Thirty-two traits fulfilled our criteria, representing five main systems or disease areas that are the focus 
of Lifelines: musculoskeletal, cardiovascular and renal, metabolic, haematologic and inflammatory, and 
pulmonary function. Descriptive statistics for the 32 traits and demographic variables in our cohort are 
shown in Supplementary Table S1.

SNP selection

Figure 1 shows the results of the paper and SNP selection from the literature for the 32 traits of interest. 
From the GWAS catalog 2,19 and the successive literature search we identified 243 and 15 papers using 
genome-wide and gene-centric genotyping platforms, respectively. After filtering for ethnicity, sample size, 
and relevance/suitability, 29 papers (of which 18 used GWAS data, 7 used gene-centric chip data, and 4 used 
a combination) were selected as sources of known SNPs for our 32 traits. From these papers we identified 
1,709 SNP-phenotype associations. A final number of 1,442 index SNP-phenotype associations were 
included in our analyses (Figure 1, Supplementary Table S2) after exclusion of the following associations: 
55 were not statistically significant according to our criteria, for 35 the respective SNP was not present 
in the Lifelines HapMap Phase 2 imputed data, 106 lost statistical significance after correcting the meta-
GWAS results for the effect size of Lifelines because Lifelines was part of the meta-GWAS (see Materials and 
Methods), and 73 were in linkage disequilibrium (LD) with another SNP in the SNP list. Some index SNPs 
were associated with multiple traits; the number of SNPs included in our analyses was 1 307, of which 967 
(74.0%; accounting for 1 057 SNP-phenotype combinations) had a high imputation quality (R2>0.5) in the 
Lifelines Cohort.

Direct SNP replication

Of the 1,442 index SNP-phenotype associations that were tested, 865 (60%; median per trait=75.0%, 
interquartile range=59.8-88.2%) reached statistical significance (Table 2 and Supplementary Table S2). 
When considering only high-quality imputed SNPs, the replication rate increased to 66.2% (700/1 057; 
median=83.8%, interquartile range 63.6-98.0%). None of the SNPs had a significant effect in the opposite 
direction, if we would have used a two-sided test. Furthermore, of the non-replicated SNP the direction 
of effects were highly consistent with the directions from literature. A median of 86.1% [interquartile 
range 75.0-100%] of all non-replicated SNPs per trait showed a direction of effect that was consistent with 
the literature (100% [85.6-100%] for high-quality SNPs; Supplementary Table S3). The replication rates 
decreased with increasing sample size of the GWAS discovery from which the SNPs were selected, whereas 
the percentages of non-significant SNPs with a consistent direction of effect increased (Supplementary 
Figure S1). The Lifelines’ effect sizes correlated well with those from the literature (if applicable, after 
correction for the Lifelines’ effect size) (Supplementary Figure S2). 
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TABLE 2 | Numbers and percentages of previously reported SNPs that were statistically significantly associated in Lifelines 
with the trait of interest. IQR = interquartile range.

  All SNPs High-quality SNPs

Trait n n p<0.05 (%) n n p<0.05 (%)
BMI 77 41 (53.2) 63 38 (60.3)
Height 635 327 (51.5) 476 275 (57.8)
WHRadjBMI 51 15 (29.4) 40 14 (35.0)
HR 15 9 (60.0) 10 8 (80.0)
DBP 32 22 (68.8) 27 18 (66.7)
SBP 33 21 (63.6) 26 17 (65.4)
QT 33 31 (93.9) 25 24 (96.0)
PR 9 8 (88.9) 7 7 (100.0)
QRS 25 22 (88.0) 17 15 (88.2)
eGFRcrea 52 34 (65.4) 33 26 (78.8)
Creat 4 4 (100.0) 3 3 (100.0)
UACR 1 1 (100.0) 0
urate 28 26 (92.9) 20 19 (95.0)
ALP 14 14 (100.0) 11 11 (100.0)
ALT 4 3 (75.0) 2 1 (50.0)
FG 31 25 (80.6) 23 23 (100.0)
GGT 26 22 (84.6) 20 18 (90.0)
HbA1c 9 8 (88.9) 3 3 (100.0)
HDL 69 42 (60.9) 48 34 (70.8)
LDL 54 30 (55.6) 34 21 (61.8)
TC 71 42 (59.2) 48 30 (62.5)
TG 37 18 (48.6) 25 14 (56.0)
CRP 17 13 (76.5) 14 10 (71.4)
PLT 52 39 (75.0) 32 28 (87.5)
WBC 2 1 (50.0) 1 1 (100.0)
Hb 8 5 (62.5) 5 4 (80.0)
MCH 15 13 (86.7) 11 11 (100.0)
MCV 12 11 (91.7) 11 10 (90.9)
RBC 7 6 (85.7) 6 6 (100.0)
FEV1 4 3 (75.0) 4 3 (75.0)
FVC 5 1 (20.0) 3 1 (33.3)
FEV1/FVC 10 7 (70.0) 9 7 (77.8)
Total 1442 865 (60.0) 1057 700 (66.2)
Median % (IQR) 75.0 (59.8-88.2) 83.8 (63.6-98.0)

Genetic risk score analysis

The number of index SNPs incorporated in the GRSs ranged from 0 (for UACR) to 476 (for height) when only 
high-quality SNPs were used, and from 1 (for UACR) to 635 (for height), when all SNPs were used (Table 
3; Supplementary Table S4). All GRSs were significantly associated with their respective traits. In general, 
inclusion of low-quality SNPs in the GRS resulted in an increase in phenotypic variance explained by the 
GRS. For the weighted GRS built from all SNPs, the median of the relative increase was 10.5% (inter-quartile 
range=3.9-19.9%) and for the unweighted GRS it was 11.7% (3.4-20.0%) compared the GRSs based on 
only high-quality SNPs. 
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The most significant GRS was the weighted GRS constructed from all SNPs for height (P<1x10-320), which 
explained 15.52% of the phenotypic variance. The percentages of explained variance for the other traits 
ranged between 0.02% (FVC) and 6.67% (HDL). For all but four traits, the weighted GRS model was 
more significant and explained more phenotypic variance than the unweighted model (Table 3). For the 
exceptions (BMI-adjusted WHR, heart rate, HbA1c, and FVC) the numbers of SNPs included in the GRSs 
were small and/or the percentage of variance explained was low.

Common SNP heritability

The broad-sense common SNP heritability estimates were statistically significant for all 32 traits except for 
body-mass-index-adjusted waist-hip ratio (Table 3). The percentage of phenotypic variance that could be 
explained by the additive effect of common SNPs was highest for height (48.9%) and ranged from 5.6 to 
39.2% for the other traits. The dominance effects, on the other hand, were uniformly small (0-1.5%) and 
not significant.

Discussion

In this study, we investigated in over 13,000 participants of the Lifelines Cohort Study to which extent 
the heritability of 32 complex traits can be explained by previously reported, genome-wide significantly 
associated SNPs. We first demonstrated that the majority of previously reported SNP-phenotype 
associations (median=75.0%) could be replicated and that there was high enrichment of effects in the 
right direction for the non-replicated ones (median=86.1%), indicating that power was likely insufficient 
for those SNPs. These percentages increased to 83.8 and 100%, respectively, when only high-quality SNPs 
were considered. Second, all unweighted and weighted GRSs combining the information of these SNPs 
were significantly associated with their respective traits, with weighted GRSs generally explaining more 
phenotypic variance than the unweighted GRS. Inclusion of poorly-imputed SNPs in GRSs in general still 
contributed to the variance explained, advocating for the use of all known SNPs and not only high-quality 
ones when constructing GRSs. The total variance explained by the weighted GRSs constructed from all SNPs 
was 15.52% for height and between 0.02 and 6.67% for the other traits. The additive genetic variance 
at all common SNPs explained a significant proportion of the phenotypic variance for all traits ranging 
from 5.6% (body-mass-index-adjusted waist-hip ratio) to 48.9% (height), but none of the traits showed 
significant dominance genetic variance.

As mentioned above we could not replicate all SNPs that were previously identified in large meta-GWASs. 
This is likely due to reduced power resulting from a sample size of 'only' 13,000 individuals in comparison 
to the much larger GWAS discovery samples. Power analysis shows that our study had sufficient power 
(>80%) to detect effect sizes of 0.04 standard deviation (SD) for very common SNPs (allele frequency 
>20%), 0.08 SD for SNPs with an allele frequency between 5 and 20%, and 0.16 SD for SNPs with an allele 
frequency between 1 and 5% (Supplementary Figure S3). As expected, SNPs extracted from smaller GWASs 
were more likely to be replicated in Lifelines as in those GWASs only SNPs with larger effect sizes could 
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be discovered. Conversely, SNPs from smaller GWASs more often had an effect in the opposite direction, 
indicating that effect sizes from the large GWASs could be estimated more accurately.  

As far as we know, we are the first to determine how much of the phenotypic variance is explained by 
both known and common SNPs to measure the current heritability gap for a large number of complex 
disease traits in one homogeneous population. However, explained variances of GRSs and common SNP 
heritabilities for individual traits have been estimated before, and our overall results are consistent with this 
literature. For instance, various studies estimated the common-SNP heritability of height to be 40-50% 11, 20, 

21, which matches our finding of 48.9%. The study from which most height-associated SNPs were extracted 
22 reported that genome-wide significantly associated SNPs explained 16% of the variance in height, which 
is comparable to our GRS result (15.5%). Only one trait (LDL cholesterol concentration) differed considerably 
from the literature: we found a common-SNP heritability of 27%, whereas a previous study in the Icelandic 
population found only 10% 21. Zaitlen and colleagues used a slightly different method, which could have 
caused the difference, but it might also reflect a population specific effect.

In our study, the dominance effect of common SNPs was not significant for any trait. This is consistent with 
one earlier study that was unable to detect any replicable dominance effects for 79 quantitative complex 
traits using data from three large European cohorts including Lifelines as a replication sample 9.

Although all our GRSs composed of known SNPs were significantly associated with their respective outcomes, 
they explain only a fraction of the total common SNP heritability of these complex traits. On average, the 
variance explained by the weighted GRS accounted for only 10.7% of the common SNP heritability. Only for 
height (15.5%/48.9%=31.7%), alanine transaminase (24.5%), fasting glucose (28%), and HDL cholesterol 
(35.3%), known SNPs accounted for a considerable part of the common SNP heritability. Our data thus 
confirms what has been found previously for height, BMI, and QT interval 10, 23, but now extends these 
observations to many other complex disease traits. There are a number of potential causes for the large 
gaps between the common-SNP heritability and the part that can be explained by all identified SNPs. It 
may be due to errors in the estimation of SNP effects, but it is likely also due to the way in which SNPs are 
selected for a GRS. Usually the selection of SNPs is restricted to genome-wide significant SNPs only. This 
is likely too conservative, as low power will result in SNPs with a small effect or low allele frequency not 
reaching the genome-wide significance threshold. Prediction accuracy will probably increase when less 
stringent significance thresholds for the selection of SNPs are applied. Polygenic risk score analyses could 
be applied using various significance thresholds to determine the percentage of variance explained by 
larger number of SNPs. We should also keep in mind that the markers detected with GWAS are not likely 
to be the causal variants, but merely in LD with them. As the SNPs on GWAS chips are selected because 
they are common variants, and low-frequent variants are in low LD with them, power to detect rare causal 
variants is limited 7.

Some investigators have argued that a considerable part of the missing heritability may be caused by non-
additive effects such as dominance and epistasis 9, 24. As such, an important result of our analyses, also 
confirmed by Zhu and colleagues 9, was that we were unable to find strong dominance effects. This is further 
supported by the findings of Zaitlen and colleagues 21, who developed a method to include both closely 
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and distantly related individuals, and used this to analyse the inflation of narrow-sense heritability. Their 
findings supported neither dominance nor epistatic effects, and they attributed the inflation of narrow-
sense heritability to shared environmental factors in datasets using close relatives. Epigenetic variation 
including methylation profiles have been suggested as another source of missing heritability, but a recent 
paper including samples from Lifelines found that methylation and genetic predictors for BMI did not 
overlap, suggesting that the former represent environmental effects on this trait. For height, methylation 
profiles did not explain any variation 25.

In the current study we paid careful attention to the construction of the GRS in order to determine the 
percentage of variance explained by known SNPs. The advantage of GRS is that it is conservative, as it 
only uses verified markers, and that its results are fairly robust. However, a number of issues need to 
be considered when using a GRS (see also the review by Wray et al. 7). First, there should be no overlap 
in the samples from which the SNPs were selected and to which the GRS is applied, as this would yield 
overestimates of the percentage of variance explained. Consequently, for meta-GWASs that included 
Lifelines we adjusted the SNP effect sizes by subtracting the Lifelines’ effect size, and excluded the SNPs 
that were no longer genome-wide significant after this correction. Second, if the replication sample is more 
closely related to the discovery population than to the target population, or if population stratification 
patterns of the discovery and replication samples are similar, the prediction accuracy will be overestimated 
7. For the selection of SNPs we included only papers that used European individuals, to match the ethnicity 
of Lifelines and increase the probability that the SNPs replicated with a similar effect size. As a consequence 
our results may be less applicable to other ethnicities and percentages of explained variance are likely to 
be lower in non-European cohorts. Third, all SNPs included in the GRS need to be independent, because 
otherwise regions with high LD will contribute more to the GRS than regions with low or no LD, leading to 
biased results. This check is mainly important when multiple meta-GWAS and/or gene-centric studies are 
used for the selection of SNPs. For this reason we excluded 71 (4.2%) dependent SNPs from our original 
SNP set. Fourth, it is advised to check that the effect direction of all individual SNPs in your cohort matches 
that of the literature, otherwise effects of misaligned and correctly aligned SNPs might cancel each other 
out in the GRS and the GRS might turn out to be insignificant. As a check on correct modelling of the GRS, 
when using the original effect sizes as weights, and assuming that the effect sizes in your cohort are similar 
to those of the meta-GWAS, the regression coefficient of the weighted GRS model should be around 1.

One limitation of our approach is that we focussed on heritability explained by common SNPs only, which is 
estimated to cover one third to one half of the total heritability found in twin and family studies 23, 26, with the 
remaining genetic variance most likely explained by lower frequency variants 27, 28. As such, our conclusions 
are limited to the heritability gap for only common SNPs as typically targeted by GWAS. The new method 
developed by Zaitlen and colleagues 21 including relatives allows separate estimation of both common 
SNP and total heritability. However, this latter estimate is potentially confounded by shared environment. 
With the increasing availability of whole genome sequencing data expected in the near future, the recently 
developed expansion by Yang and colleagues 28 of their GREML method, which stratifies for LD and minor 
allele frequency (GREML-LDMS), may be a good alternative for the estimation of heritability of complex 
traits as it captures contributions of both rare and common variants. A similar method using both rare and 
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common SNPs was recently applied to 9 common diseases in data from the UK Biobank and explained an 
average of 57.3% of their total (narrow-sense) heritability based on structural equation modelling 29.

In conclusion, we demonstrated that the majority of previously reported SNP associations for 32 continuous 
disease traits could be replicated in the Lifelines Study Cohort, confirming Lifelines’ value and reliability as 
a resource for genetic epidemiological studies. Although meta-GWAS studies have identified many SNPs 
that are associated with complex disease traits, these SNPs explain only a small to moderate part of the 
common SNP heritability, which in turn explains up to ~50% of the total heritability. Our data suggest that 
dominance effects are unlikely to fill the gap of the missing heritability. Overall our results showed that 
none of the GRSs of complex disease traits are sufficiently accurate for personalized prediction limiting 
successful applications in clinical practice.
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Abstract

Objective: Our study aims to estimate the proportion of the phenotypic variance of Neuroticism and its 
facet scales that can be attributed to common SNPs in two adult populations from Estonia (EGCUT; N = 
3,292) and the Netherlands (Lifelines; N = 13,383).

Method: Genomic-Relatedness-Matrix Restricted Maximum Likelihood (GREML) using Genome-wide 
Complex Trait Analysis (GCTA) software was employed. To build upon previous research, we used self- and 
informant-reports of the 30-facet NEO personality inventories and analyzed both the usual sum scores and 
the residual facet scores of Neuroticism. 

Results: In the EGCUT cohort, the proportion of phenotypic variance explained by the additive effects of 
common genetic variants in self- and informant-reported Neuroticism domain scores was 15.2% (p = .070, 
SE = .11) and 6.2% (p = .293, SE = .12), respectively. The SNP-based heritability estimates at the level of 
Neuroticism facet scales differed greatly across cohorts and modes of measurement but were generally 
higher (a) for self- than for informant-reports, and (b) for sum than for residual scores.

Conclusions: Our findings indicate that a large proportion of the heritability of Neuroticsm is not captured 
by additive genetic effects of common SNPs with some evidence for gene-environment interaction across 
cohorts.
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Introduction

Neuroticism vs. emotional stability appears to be one of the most universal domains in personality theory and 
measurement1. The importance of Neuroticism – the frequent experience of negative affect – in personality 
research stems largely from its significance for public health. Overwhelmingly, research evidence has 
shown that Neuroticism is correlated with a wide range of mental and physical health problems and their 
development and that low scores of Neuroticism predict longevity after controlling for age, sex, education, 
smoking, alcohol consumption, physical activity, and baseline health (e.g. 2-5). It has even been argued that 
the economic burden of Neuroticism on society exceeds that of the common mental disorders combined6.

Despite the central importance of Neuroticism, there appears to be little consensus about its definition7. 
Like many other traits, Neuroticism is often viewed as a multifaceted construct consisting of various 
components that are highly correlated but partially distinct, including anxiety, dependence, sadness, 
worry, vulnerability, and impulsivity. In the current study, we use common genome-wide genetic variants 
to examine the heritability of Neuroticism and its facets within the context of the Five-Factor Model 
(FFM). According to the FFM, the core of the Neuroticism domain is ”the general tendency to experience 
negative affects such as fear, sadness, embarrassment, anger, guilt, and disgust”8 (p. 14). The NEO family 
of instruments (i.e., NEO Personality Inventory, the Revised NEO PI, and the NEO PI-3), which are based on 
the FFM, distinguishes between six facets of Neuroticism: N1: Anxiety, N2: Angry Hostility, N3: Depression, 
N4: Self-Consciousness, N5: Vulnerability, and N6: Impulsiveness8. As we argue below, there is enough 
evidence to suggest that heritability estimates for Neuroticism may differ across facets.

The Biological and Genetic Basis of Neuroticism

Despite Neuroticism being strongly associated with important health outcomes, its causal role in health 
as well as its biological basis is far from being fully understood2, 9. The health relevance of Neuroticism 
as highlighted above, combined with the uncertainty of its biological basis and exact role in health and 
disease, has led to a growing interest in the genetic basis of Neuroticism. 

Behavioral genetic (mostly twin and adoption) studies have shown that Neuroticism is substantially 
heritable: approximately 40-60% of the variance in Neuroticism scores is estimated to be attributable to 
genetic factors10-13. A recent meta-analysis14 of twin data from six cohorts (total N = 29,496) found that 
the heritability of harmonized Neuroticism scores was 48%, whereas a meta-analysis of 62 behavior 
genetic studies representing more than 100,000 participants15 showed that the average effect of genetic 
contributions to individual differences in Neuroticism was 39%. Although Turkheimer, Petterson, and 
Horn16 convincingly argue in their recent review that all personality traits are equally heritable, there are 
also several studies which have shown that heritability estimates of Neuroticism appear to be somewhat 
lower than those of the other Big Five factors17-19.

However, until fairly recently, the search for genes associated with Neuroticism has not been very successful. 
Some candidate gene studies reported associations between Neuroticism and specific genetic variants, 
such as the CNR1 gene20 or a polymorphism (5-HTTLPR) of the serotonin transporter gene21, 22, among 
others, but most of these findings failed to be replicated. Even when such associations were found, the 
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polymorphisms seemed to have modest predictive value: 2% or even less (see 23, 24 for a discussion). Also, 
despite very promising progress in behavioral genetics, no significant results were found for Neuroticism 
in three large scale genome-wide association (GWA) studies25-27 where Neuroticism was measured by 
three different instruments (i.e., the NEO Five-Factor Inventory, Cloninger's Temperament and Character 
Inventory, and the Eysenck Personality Questionnaire). The only noteworthy findings come from three 
very recent studies. First, a meta-analysis of GWAS results across 29 cohorts by de Moor et al.28 identified 
a new locus for Neuroticism in the gene MAGI1, which had been associated with bipolar disorder and 
schizophrenia in earlier studies. Second, Smith and colleagues29 identified 9 novel loci associated with 
Neuroticism in a combined meta-analysis across three cohorts and nearly 100,000 participants using the 
short form of the Eysenck Personality Questionnaire-Revised (EPQ-R-S)30. Finally, Okbay and colleagues31 
combined results of the above two studies (across heterogeneous measures of Neuroticism) and could 
identify a total of 11 variants associated with Neuroticism, including 2 inversion polymorphisms, in a total 
sample of 170,911 participants. However, none of the loci associated with Neuroticism by Smith et al.29 
were replicated by Okbay and colleagues31.

These recent findings have discredited the idea that there is a relatively small set of genes that determines 
the level of either a personality factor or its facets. Instead, in light of the current findings, it seems more 
plausible that personality traits (including Neuroticism) are influenced by large sets of different common 
genetic variants, as assessed by single-nucleotide polymorphism (SNPs), and that the influence of these 
genes may differ across facets32.

Molecular Genetic Estimates of Heritability

In order to estimate the influence of common variants with small effects on the total heritability, a new 
method – Genomic-Relatedness-Matrix Restricted Maximum Likelihood (GREML) as implemented in the 
genome-wide complex trait analysis (GCTA) software – was proposed by Yang and colleagues33, 34. The aim 
of GREML-GCTA is not to identify SNPs related to the target phenotype, but to estimate the total variance 
explained by all common SNPs for a given trait. As Yang et al.34 argued, it is possible that most of the 
heritability for Neuroticism or any other complex trait ”is hiding rather than missing,“ because many SNPs 
contribute small effects. In essence, GREML-GCTA estimates the genetic influence on a certain trait or target 
phenotype by “predicting phenotypic similarity for each pair of individuals in the sample from their total 
SNP similarity”35 (p. 563). 

GREML-GCTA has been successfully applied to a variety of complex traits, where it has demonstrated that 
the contribution of common additive genetic variants to phenotypic variation is about 45% for height33 
and 30% for weight36, a little less than 30% for cognitive abilities37, 32% for major depressive disorder38, 
and 23% for liability to both schizophrenia39 and borderline personality disorder40. For most complex traits 
examined so far, GREML-GCTA or SNP-based heritability estimates appear to be about half of the heritability 
estimates from twin studies41. 

In only a handful of studies so far, GREML-GCTA has been applied to personality traits, mostly to Neuroticism 
and Extraversion. To the best of our knowledge, a study by Power and Pluess42 in the British longitudinal 
cohort National Child Development Study (NCDS) is the first and only GREML-GCTA study including all five 
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of the FFM. Common SNPs accounted for 15% of the variance in Neuroticism and for 8% of the variance in 
Extraversion, 21% in Openness, 0% in Agreeableness, and 1% in Conscientiousness, as measured by the 
International Personality Item Pool42.

In a study by de Moor and colleagues28, the SNP-based genetic similarity across individuals accounted 
for 14.7% of the variance in Neuroticism in the Netherlands Twin Register (NTR) cohort and 15.7% in the 
Australian Berghofer Medical Research Institute adult cohort (QIMR), when using harmonized Neuroticism 
scores across different measurement instruments14 . A very similar estimate was obtained by Mõttus and 
colleagues44 in the Generation Scotland cohort and by Smith et al.29 in the UK biobank cohort, using the 
short version of the EPQ-R30. These SNP-based estimates, however, were nearly twice as high as those 
reported by Verweij and colleagues45 for Neuroticism measured by different versions of Cloninger’s Harm 
Avoidance subscale46, 47 in combined Australian and Finnish samples (7%) and by Vinkhuyzen et al.48 for 
harmonized Neuroticism scores in combined samples from Australia, Sweden, the United Kingdom, and 
the United States (6%). In general, it appears that the SNP-based heritability estimates for Neuroticism 
(as well as for other main personality traits) are lower than those of other complex traits that have been 
subjected to the same analysis (see above).

The Present Study

The general aim of the present study is to estimate the proportion of the phenotypic variance of 
Neuroticism that can be attributed to common SNPs in two large-scale adult populations from Estonia and 
the Netherlands. Our study goes beyond earlier research in several important aspects.

First, as described above, the SNP-based heritability of Neuroticism has so far been examined using so-
called harmonized Neuroticism scores28, 48, the 10 items of the IPIP42, the short version of the EPQ-R29, 49, 
or the Harm Avoidance scale from Cloninger’s personality questionnaires45. Although Van den Berg and 
colleagues14 argued that harmonization across nine different personality inventories was very successful, 
and that Neuroticism and extraversion personality inventories were “largely measurement invariant across 
cohorts” (p. 296), such harmonized phenotype scores are, by definition, heterogeneous, because they 
are based on different personality scales measuring different facets or characteristics of Neuroticism. For 
instance, the Harm Avoidance subscale from Cloninger’s personality scales, used by Verweij et al.45, cannot 
be taken as a pure measure of Neuroticism, as it is a composite of both Neuroticism and extraversion50. 
Several researchers have argued (e.g. 51) that in order to progress in our search for missing heritability, one 
important step is to reduce heterogeneity by refining our phenotypes. To achieve this, we used two versions 
of the same well-defined and well-validated FFM personality inventory: the NEO Personality Inventory-3 
(NEO PI-3; 52) and the Revised NEO Personality Inventory (NEO PI-R; 8).

Second, we examined the variance in Neuroticism which could be accounted for by the additive effects 
of the SNPs, not only at the domain level as had been done in earlier studies28, 29, 42, 45, 48, 49, but also at the 
level of the more specific facet scales of the NEO PI-3. This was prompted by the growing number of studies 
showing that important variation in personality occurs at the level of facet scales (e.g., 49, 53), or even at 
the level of more narrow personality characteristics/nuances54. A recent meta-analysis by Briley and Tucker-
Drob55 showed that broad measures of personality (e.g., FFM domains) tended to be less heritable than 
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narrow measures (e.g., facets), although the differences were rather small. On the other hand, several twin 
studies have shown that there are substantive differences between the heritability estimates of the facets 
of the FFM domains56, 57, including the facets of Neuroticism11, 17, 58, 59. For instance, in Jang and colleagues’ 
two studies11, 59, the heritability estimates of Neuroticism facets ranged from .37 (N2: Hostility and N5: 
Impulsiveness) to .46 (N4: Self-Consciousness) and from .26 (N1: Anxiety) to .44 (N6: Vulnerability), 
respectively. In sum, there is enough evidence to suggest that (a) the SNP-based heritability estimates for 
Neuroticism may differ at the domain and the facet levels and that (b) there might be differences among 
facet scales because “aggregating facet scores to produce domain scores overshadows nuances of the 
genetic effects and renders the domain scores not genetically crisp”58 (p. 755).

Third, as recently argued by McCrae32, it seems very likely that broad personality factors correspond to 
large sets of different genes, some of which may influence all facets, some several facets, and some only 
one or two facets. Thus, “a gene that affected only one facet, however, would not be part of the set [of genes 
that pertains to domain-level variance]; it would instead be one of the sources of specific variance in the 
facet” (p. 107). Consequently, and similarly to Jang and colleagues59, we decomposed the variability in 
Neuroticism into the common variance of its measured manifestations and their unique variances, and 
examined the SNP-based heritability separately in each of these components. There is evidence that facet-
specific variance is agreed upon by different raters (e.g., self- vs. informant-reports; 17, 53, 60) and that such 
residual scores contain valid and meaningful specific variance over and above the variance that they share 
with their respective domain scales32, 54.

Fourth, in addition to self-reports, we employed informant-reports of personality by knowledgeable others. 
Informant-reports have become one of the most useful tools in personality research61, and it has even been 
shown that they may have substantially better validity than self-reports in predicting real-life outcomes, 
such as job performance and academic achievement62. Although substantial cross-rater agreement on 
personality traits has been demonstrated in numerous studies (see 62, 63 for reviews), with correlations 
between self- and informant-reports for Neuroticism typically ranging between .40 and .50, there are only 
a few twin studies which have examined the genetics of personality using informant-reports. Most of these 
studies have found a substantial genetic influence on informant-rated personality trait scores (including 
Neuroticism), similar to what has been found using self-reports18, 55, 64, 65. Riemann and colleagues18 found, 
for instance, that additive genetic effects explained 52% and 61% of the variability in Neuroticism scales for 
self- and informant-reports, respectively. Our study is the first to examine whether SNP-based estimates of 
Neuroticism heritability generalize across self- and informant-reports, and the extent to which SNP-based 
estimates of heritability for Neuroticism are method-specific.

Fifth, we used two adult population samples, one from Estonia and the other from the Netherlands, to 
ensure that our findings were not restricted to a specific population. First, we calculated the SNP-based 
heritability estimates separately for the two samples. Next, we explored whether different genetic markers 
influence Neuroticism in different environments by testing for gene-environment interactions in a 
combined dataset, using the cohort of origin as a proxy for the different environments (cf. 66).
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Method

Participants

The EGCUT sample. The Estonian participants for the present study came from the Estonian Biobank cohort 
(approximately 52,000 individuals), which is a volunteer-based sample of the Estonian resident adult 
population67. Participants were recruited by general practitioners (GPs), physicians, and other medical 
personnel in hospitals and private practices, as well as the recruitment offices of the Estonian Genome 
Centre of the University of Tartu (EGCUT). Each participant signed an informed consent form (available 
at www.biobank.ee) and underwent a standardized health examination by a physician. Participants also 
donated blood samples for DNA and completed a Computer Assisted Personal Interview (CAPI) on health-
related topics and various clinical diagnoses listed in the WHO ICD-1067.

The sample for the current study consists of 3,292 individuals (59.3% female) for whom both personality 
(self- and informant-reports) and genotype data were available. The mean age of the participants was 47.2 
years (SD = 17.0, ranging from 18 to 91 years). About 40 per cent of the respondents had higher education. 
The mean age of informants (N = 3,151, 71.3% female, gender was unknown for 64 participants) was 42.1 
(SD = 16.0) years. On average, informants had known target subjects for 23.4 (SD = 15.1) years. Among 
informants, 47.5% were spouses or partners, 17.5% were parents, 15.3% were friends, and the remaining 
19.7% were other relatives or acquaintances (for 60 respondents the relationship to the target was not 
known).

Genotyping was performed on multiple Illumina platforms (the Illumina CNV370-Duo BeadChip platforms 
for 1,126 samples; OmniExpress BeadChips for 1,079; HumanCoreExome-11 BeadChips for 569; 
HumanCoreExome-10 BeadChips for 174; and PsychChip arrays for 344 participants). Prior to imputation, 
samples with a call rate <0.95, excess heterozygosity, non-Caucasian ethnicity (as determined by principal 
component analysis), high relatedness (pi-hat > 0.4), or a gender mismatch were excluded, as were 
SNPs with a MAF < 1%, a HWE p-value ≤10-3, or a call rate < 95%. A total of 257,581 SNPs was used for 
imputation. Imputation was performed with IMPUTE v268 using the 1000 Genomes Phase 1 v3 reference 
panel69, 70.

The Lifelines sample. The Dutch sample is part of the Lifelines Cohort Study (approximately 167,700 
individuals), a large population-based cohort study and biobank in the Northern part of the Netherlands71, 
which was established “as a resource for research on complex interactions between environmental, 
phenotypic and genomic factors in the development of chronic diseases and healthy ageing” (p. 1172). 
The Lifelines dataset contains information about participants’ medical history, biochemistry, psychosocial 
characteristics, lifestyle, and other relevant characteristics.

The sample used in the current study includes 13,383 people (58.2% female), with a mean age of 48.8 
years (SD = 11.4, ranging from 18 to 90 years) who completed a personality inventory and for whom 
genotype data were available. About 33 per cent of the respondents had higher education. 
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Genotyping was performed with the Illumina Cyto SNP12 v2 chip, and genotype calling was carried out 
with Illumina GenomeStudio. Prior to imputation, samples with a call rate < 0.8, excess heterozygosity, 
non-Caucasian ethnicity (as determined by principal component analysis), high relatedness (pi-hat > 0.4), 
or a gender mismatch were excluded, as were SNPs with a MAF < 1%, a HWE p-value ≤10-3, or a call rate < 
95%. A total of 257,581 SNPs was used for imputation. Imputation was performed in MiniMac72 using the 
1000 Genomes Phase 1 v3 reference panel69, 70.

Personality Measures

The EGCUT cohort. In the EGCUT cohort, personality was assessed with the Estonian version of the NEO PI-
332, which is a slightly modified version of the NEO PI-R60, 73. Like the NEO PI-R, the NEO PI-3 has 240 items 
that measure 30 personality facets, which in turn are grouped into the five FFM domains of six facet scores 
each. The NEO PI-3 has excellent psychometric properties in a wide range of countries74, including Estonia. 
Items are answered on a five-point scale (0 = false/strongly disagree - 4 = true/strongly agree).

Sum scores of the facet scales were calculated by adding up the scores of the 8 individual items (reverse 
scored if required) in each facet scale, separately for self- and informant-ratings. Higher scores reflect 
higher levels of anxiety, angry hostility, depression, and so on. The total score of the Neuroticism domain 
is the sum of all items from each subscale, with higher scores indicating greater levels of Neuroticism. 
Finally, to compare the findings with the Lifelines sample (see below), a sum score of 32 items was 
calculated (henceforth N-32) from the Angry Hostility (N2), Self-Consciousness (N4), Impulsiveness (N5), 
and Vulnerability (N6) facet scales. The descriptive statistics of the scales, including Cronbach’s alphas, are 
shown in Table 1.

TABLE 1 | Descriptive Statistics of the NEO PI-3 (EGCUT) and the NEO PI-R (Lifelines) Neuroticism Scales (Sum Scores)

EGCUT Lifelines
Self-Ratings

N=3,292, 59.3% female, 
mean age =47.2 

(SD = 17.0)

Informant-Ratings
N=3,151, 71.1% female, 

mean age = 42.1
 (SD = 16.0)

Self-Ratings
N=13,383, 58.2% female, 

mean age 48.8 
(SD = 11.4)

Scales n M SD α M SD α r M SD α

N1: Anxiety 8 16.02 5.99 .81 15.38 5.92 .82 .51 - - -

N2: Angry Hostility 8 13.21 5.27 .78 13.37 6.04 .83 .49 10.74 4.26 .74

N3: Depression 8 14.20 5.61 .77 13.59 5.26 .77 .51 - - -

N4: Self-Consciousness 8 14.73 5.22 .72 13.25 4.90 .72 .45 11.51 4.64 .78

N5: Impulsiveness 8 16.64 4.86 .67 15.46 5.19 .70 .42 14.19 3.80 .61

N6: Vulnerability 8 10.71 4.68 .78 9.92 5.24 .83 .43 10.35 4.14 .80

Neuroticism domain 48 85.51 24.50 .93 80.98 25.28 .93 .53 - - -

N-32: N2, N4, N5, N6 items 32 55.29 15.57 .88 52.00 16.99 .90 .49 46.74 12.65 .87

Note. EGCUT = Estonian Genome Centre of the University of Tartu; Lifelines = The Lifelines Cohort Study; n = number of items; r = 
cross-rater correlation; α = Cronbach’s alpha; As Lifelines used an item scale of 1-5, whereas EGCUT 0-4, we subtracted the number of 
items (n) from the Lifelines averages to make them comparable to EGCUT.
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EGCUT participants completed the self-report form and informants the observer-report form of the NEO 
PI-3. Similar to findings from other studies (e.g. 63), the cross-rater correlation between the respective sum 
scores was .53 for the Neuroticism domain and ranged from .42 for Impulsiveness (N5) to .51 for Anxiety 
(N1) and Depression (N3) among the six facet scales (median = .47; all correlations significant at p < 
0.001), see Table 1.

The Lifelines Sample. In the Lifelines sample, participants were asked to complete an abbreviated version of 
the Dutch NEO PI-R75. Therefore, self-reported data were only available for four facet scales of Neuroticism: 
Angry Hostility (N2), Self-Consciousness (N4), Impulsiveness (N5), and Vulnerability (N6). The items were 
answered on a five-point scale ranging from 1 (false/strongly disagree) to 5 (true/strongly agree). Sum 
scores of the four abovementioned facet scales were calculated in the same way as in the EGCUT sample. To 
compare the findings with the EGCUT sample, also a sum score of these 32 items (N-32) was calculated from 
the Angry Hostility (N2), Self-Consciousness (N4), Impulsiveness (N5), and Vulnerability (N6) facet scales. 
The means, SDs, and Cronbach’s alphas of the four facet scales and the N-32 score are given in Table 1.

Preliminary Analyses of the EGCUT Sample on the Personality Measure

Residual facet scores. The residual facet scores in the EGCUT sample were obtained using structural 
equation modelling, which allowed us to decompose the common variance of the Neuroticism domain 
(shared variance across all items of the domain) and its facets (shared variance of all items measuring a 
given facet, independently of what they shared with the common variance of the domain). First, the same 
bi-factor model as in Mõttus et al.53 (see Figure 1) was fitted to self-reports. More specifically, the model was 
constructed in a way that all 48 self-reported items defined the general domain of Neuroticism, and all 8 
self-reported items of each facet defined the respective facet score. The correlations between the facet scores 
and the Neuroticism domain score were set to zero, resulting in an orthogonal domain and facet scores. 
Differently from Mõttus et al.53, the facets of Neuroticism were not allowed to correlate among themselves 
in the current study, which also made them orthogonal in relation to each other. Since this bi-factor model 
did not fit the data sufficiently well, the model was tweaked until it met the fit criteria, that is, until the 
Comparative Fit Index (CFI) reached a value of .90 and the root mean squared error of approximation 
(RMSEA) reached .06 , by omitting loadings below < .20 and by allowing residual correlations among 
items (based on modification indices). The final model (shown in Figure 1) was then applied to informant-
ratings; this fitted the data reasonably well with CFI = .894 and RMSEA = .065. As a result, we obtained a 
score of the general Neuroticism factor that underlies each of the 48 items and the residual scores of six 
facets, each of which accounts for the unique influence of the specific facet over and above the general 
factor. In other words, the six residual facet scores each represent variance not accounted for by the general 
factor of Neuroticism. The cross-rater correlations for the residual facet scores were .34, .42, .33, .40, .38, 
and .24 (median = .36) for Anxiety (N1) to Vulnerability (N6), respectively. These estimates are similar to 
what was reported by Costa and McCrae77 (median = .33). The residual scores were – similarly to the sum-
scores – analyzed with GCTA.
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FIGURE 1 | The bifactor model for Neuroticism in self-ratings. N1 = Anxiety; N2 = Angry Hostility; N3 = Depression; N4 = 
Self-Consciousness; N5 = Impulsiveness; N6 = Vulnerability.

Preparing the Genotypes

The EGCUT sample. The EGCUT genotypes were delivered in 5 separate files (corresponding to the 5 
genotyping platforms used). First, we selected only autosomal HapMap3 SNPs, as this set was optimized 
to capture common genetic variation in the human genome78. The files were then converted to the PLINK 
format with GTOOL79, and merged with PLINK80, 81. We included only SNPs that were present on all five 
platforms. We also checked whether the remaining SNPs had large differences in allele frequencies 
between platforms, and excluded those with a difference > 15%. A number of SNPs with allele or position 
mismatches was also excluded. The final dataset contained 3,303 individuals and 1,234,312 markers. The 
first four principal components were calculated in PLINK for use as covariates.
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The Lifelines sample. The Lifelines genotypes were available as PLINK files, with the first ten principal 
component values calculated with Eigenstrat82, so we only needed to select autosomal HapMap3 SNPs. The 
final Lifelines dataset contained 13,383 individuals and 1,401,138 SNPs. 

The combined sample. For the combined analysis, we used the same merging procedure as for the EGCUT: 
we only included SNPs that appeared in both cohorts, and excluded SNPs with allele, allele-frequency (> 
15%), or position mismatches between cohorts. When combining the dataset, 0.1% of SNPs in the EGCUT 
and 12.0% of SNPs in the Lifelines cohort were excluded due to reasons above. The final, combined dataset 
consisted of 16,686 individuals and 1,233,075 SNPs.

GREML analyses in GCTA

GREML analyses were performed by calculating a genetic relationship matrix (GRM) in GCTA, and then 
using the GRM in a REML analysis of the phenotypes. We used a GRM cut-off value of 0.0583, which excludes 
relationships that are approximately closer than second-cousins. This removed around 460 samples in the 
EGCUT sample, 3,910 in the Lifelines sample, and 4,370 in the combined sample. In the EGCUT sample, 
we used sex, genotyping platform, age, and the first 4 principal components as covariates. In the Lifelines 
sample, we used sex, age, and the first 10 principal components as covariates. In order to run the analysis 
in the combined dataset, we merged the genetic data in PLINK, and then determined the first ten principal 
components using GCTA. Next, we calculated the residuals for the phenotypes separately for both cohorts 
(using age, sex, genotyping platform (EGCUT only) and the first ten PCs as covariates), and analyzed them 
in GCTA. We also included the cohort from which the sample originated as an environmental factor, to test 
for gene-environment interactions.

Power analysis (http://cnsgenomics.com/shiny/gcta) indicated a 99% chance of detecting a SNP-based 
heritability estimate (h2) of 0.15 in Lifelines and the combined sample, and a mere 27% chance of 
detecting a h2 of 0.15 in EGCUT sample.

Results

Genetic Correlations between SNP-based Estimates for Self- and Informant-Reports

Results of bivariate analyses84 showed that genetic correlations between the SNP-based estimates for self- 
and informant-reports of Neuroticism domain and facet sum scores were all 1, except for N6: Vulnerability 
(rG = .91).

Variance in Neuroticism Explained by Common SNPs

The SNP-based estimates of additive genetic effects of Neuroticism sum and residual facet scores, as well as 
for Neuroticism domain scores, are shown in Table 2. In Lifelines, all estimates, except for N5: Impulsivity, 
were significant at the level of p < .05. In EGCUT, on the contrary, only the estimate for self-reported 
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Impulsiveness (N5) sum scores was significant at p < .05, and the GREML-GCTA estimates for self-reported 
Depression (N3) and Vulnerability (N6) sum scores and for other-reported Anxiety (N1) sum scores were 
marginally non-significant at p = .054, .058, and .050, respectively. Due to the small sample size, the 
standard errors of the SNP-based heritability estimates in the EGCUT cohort were relatively large (11-12%), 
reducing the significance of our findings. In the Lifelines cohort, the standard errors were 4%.

TABLE 2 | SNP-based Estimates of Heritability for Sum and Residual Facet Scores of Neuroticism in Self- and Informant-
Ratings

EGCUT Lifelines

Self-Ratingsa Informant-Ratingsb Self-Ratingsc

Sum 
(N = 2,836)

Residual 
(N = 2,833)

Sum 
(N = 2,721)

Residual 
(N = 2,717)

Sum 
(N = 9,469)

Scales h2 p h2 p h2 p h2 p h2 p

N1: Anxiety 0.145 .091 0.147 .106 0.175 .050 0.078 .232

N2: Angry Hostility 0.083 .210 0.121 .128 0.151 .095 0.168 .073 0.161 .000

N3: Depression 0.161 .054 0.000 .500 0.080 .236 0.129 .139

N4: Self-Consciousness 0.120 .116 0.003 .489 0.000 .500 0.000 .500 0.071 .029

N5: Impulsiveness 0.198 .040 0.069 .279 0.000 .500 0.000 .500 0.033 .193

N6: Vulnerability 0.168 .058 0.000 .498 0.058 .313 0.033 .388 0.152 .000

Neuroticism domain 0.152 .070 0.118 .123 0.062 .293 0.079 .242

N-32 (N2+N4+N5+N6) 0.134 .098 0.015 .448 0.110 .002

Note. EGCUT = Estonian Genome Centre of the University of Tartu; Lifelines = The Lifelines Cohort Study; Sum = sum scores of items; 
Residual = residual facet scores; h2 = SNP-based heritability estimate, p = p-value; Standard errors (SE) of the SNP-based heritability 
estimates were 0.11-0.12 for the EGCUT sample and 0.04 for the Lifelines sample.

Self-Reports. In the EGCUT cohort, the SNP-based estimates for the Neuroticism domain score was 15.2% 
(p = .070). The SNP-based heritability estimate of the N-32 score (that is, a composite index of N2, N4, N5, 
and N6 items) was 13.4% (p = .098) in the EGCUT and 11.0% (p = .002) in the Lifelines cohort (Table 2).

At the level of facet scales, common SNPs explained between 8.3% (Angry Hostility (N2); p = .210) and 
19.8% (Impulsiveness (N5); p = .040) of the variance in the EGCUT self-reported facet sum scores (median 
= 14.6%) and between 3.3% (Impulsiveness (N5); p = .192) and 16.1% (N2: Angry Hostility; p < .001) of 
the Lifelines facet sum scores (median = 11.2%). 

The SNP-based heritability estimates in the EGCUT sample for self-reported residual facet scales – from 
which the common variance of Neuroticism had been statistically removed – ranged from 0% (Depression 
(N3), Self-Conscientiousness (N4) and Impulsivity (N5), all n.s.) to 14.7% (Anxiety (N1), p = .106), median 
= 3.6%.

Informant-reports. In the EGCUT cohort, common SNPs explained 6.2% of the variance (p = .293) in the 
informant-reported Neuroticism domain score and 1.5% of the variance (p = .448) in the N-32 score (see 
Table 2).



SNP-based heritability estimates of neuroticism scales   |   65

6

At the level of facet scales, common SNPs explained between 0% (Self-Consciousness (N4) and Impulsiveness 
(N5); n.s.) and 17.5% (Anxiety (N1); p = .050) of the variance in the EGCUT facet sum scores (median 
= 6.8%) of informant-ratings. The SNP-based heritability estimates for residual facet scales in informant-
ratings ranged from 0% (Self-Consciousness (N4) and Impulsiveness (N5), n.s.) to 16.8% (Angry Hostility 
(N2); p = .073), median = 5.5%. 

Gene-Environment Interactions in Neuroticism

Finally, we tested whether genetic influences on Neuroticism were shared across cohorts, or whether there 
were unique genetic effects to them. To this aim, we combined the EGCUT and Lifelines cohorts (using the 
cohort of origin as the environment) and estimated a gene-environment interaction model which gives 
two estimates, one for the genetic variance component which is shared across both cohorts and one that is 
specific to cohorts.

A significant gene-environment interaction (p < .05) was found in self-reported Impulsivity (N5) sum scores 
(Table 3). At the same time, the genetic effects of Impulsivity (N5; 0.1%) and N-32 (6.8%) did not reach 
statistical significance (p < .05) in the combined sample.

TABLE 3 | SNP-based Estimates of Gene-Environment Interaction in the EGCUT and the Lifelines Combined Cohort

Interaction effect Genetic effect

Scales G x E p h2 p

N2: Angry Hostility 0.087 .064 0.090 .023

N4: Self-Conscientiousness 0.000 .500 0.094 .015

N5: Impulsivity 0.107 .033 0.001 .491

N6: Vulnerability 0.049 .203 0.103 .014

N-32 (N2+N4+N5+N6) 0.082 .081 0.068 .069

Note. EGCUT = Estonian Genome Centre of the University of Tartu; Lifelines = The Lifelines Cohort Study; G x E = gene and environment 
interaction effect (the environment factor is the cohort of origin); h2 = SNP-based heritability estimate, p = p-value. P-values are based 
on likelihood-ratio tests comparing the full model with a model constraining the particular effect to be zero. The Neuroticism scores 
of both cohorts were corrected separately (using sex, age, PC1-10 and genotyping platform (EGCUT only) as covariates). SE of the 
interaction effect was 0.058-0.060 and of the genetic effect 0.046-0.048.

Discussion

Despite strong research evidence from behavioral genetics showing that all personality traits, regardless 
of their type or breadth, are heritable15, 16, candidate gene and GWA studies have provided little evidence 
for the existence of an involvement of specific genetic variants in personality traits (see 29, 31; for recent 
exceptions). It has been proposed that this may be due to the existence of many common variants with 
tiny effects which remain under the threshold of statistical significance51 and that it is the cumulative effect 
of these variants that makes people who share them similar in phenotype16.To overcome this problem, 
GREML-GCTA33 has been developed and successfully applied to many complex phenotypes, providing 
considerably higher estimates of heritability than earlier GWA studies. 
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To complement the existing research on personality traits, we examined the SNP-based heritability of 
Neuroticism both at the domain and the facet level by using self- and other-reports that were obtained with 
well-defined and validated NEO personality instruments. Furthermore, in addition to the usual NEO sum 
scores of Neuroticism domain and facet scales, we also examined the SNP-based heritability of the residual 
facet scores of Neuroticism from which the common variance of Neuroticism had been statistically removed.

SNP-based Heritability of General Neuroticism

In the EGCUT cohort, the proportion of phenotypic variance explained by the additive effects of common 
genetic variants in the self-reported Neuroticism domain score (15.2%, p = .070) was very similar to what 
was reported earlier by De Moor and colleagues28 (14.7% and 15.7%, respectively), Power and Pluess42 
(15%), Smith et al.29 (15%), and Mõttus and colleagues49 (16%). 

In informant-reports, however, common SNPs explained only 6.2% (p = .293) of the variance in Neuroticism 
domain score. In the case of the N-32 score, the estimates ranged between 11% (Lifelines) and 14% 
(EGCUT) in self-reports vs. 1.5% in informant-reports (EGCUT). As Mõttus and colleagues54 recently showed, 
the heritability estimates of informant-ratings may indeed be smaller than those of self-ratings, even when 
based on aggregated ratings of multiple informants.

In sum, our findings indicate that the SNP-based heritability of general self-reported Neuroticism is typically 
15%-16% which is less than half the average heritability estimate of Neuroticism (39%) obtained in a 
recent meta-analysis of behavior genetics studies in twins15. This estimate appears to be relatively robust 
across different measurement instruments and samples, suggesting that the phenotypic heterogeneity 
has a little effect on the heritability estimate. The difference between the heritability estimates from twin 
and GCTA-GREML studies may imply that the genetic contribution is primarily caused by (a) non-additive 
genetic variance due to genetic interactions within or across loci85, 86; (b) the existence of rare(r) variants 
with potentially large effects, which are not represented on genotype arrays87; or (c) epigenetic influences 
that may substantially contribute to the transgenerational inheritance of complex traits88. Specifically, 
the finding that heritability estimates tend to be systematically lower in family/adoption studies than in 
twin studies15, suggest the involvement of epistatic or dominance mechanisms (non-additive genetic 
variance). Alternatively, (d) heritability estimates from twin studies may be biased upwards for different 
methodological reasons48. 

SNP-based Heritability Estimates of Neuroticism Facet Scales

The SNP-based heritability estimates at the level of facet scales differed greatly across the two samples, 
modes of measurement, and sum vs. residual scores, making it difficult to draw uniform general conclusions. 
There are, however, certain trends in our findings, which we describe below.

First, similarly to the Neuroticism domain level, the SNP-based heritability estimates were generally higher 
for self-reports – for both sum and residual scores – than for informant-reports at the level of facet scales. 
In general, this is in line with the findings of a study by Kandler and colleagues17, who showed that, while 
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self-rater-specific variance was substantially influenced by genetic factors, peer-report method factors 
showed smaller genetic influences, with the non-shared environment explaining most of the remaining 
variance. Differences in heritability estimates between self- and informant-reports may also be due to the 
fact that ”genetic effects on the self-report method factor may reflect genetic effects on response distortions 
(e.g. response styles, self-enhancement)” or that “… self-reports may be partially based on information 
that is not accessible to peers or weighted less in peers’ personality judgments (like motives, mental 
states)“ 19 (p. 263). For example, Mõttus et al.54 reported that 39% of individual differences in a specific 
response bias, acquiescent responding, could be explained by genetic variance; self-report method biases 
may be as heritable as trait scores themselves. Last but not least, it is also possible that the SNP-based 
heritability estimates were generally higher for self-reports than for other-reports simply because people 
see themselves as more neurotic compared to how they are seen by other people89 or that the self is more 
accurate than others in judging Neuroticism and its facet scales, as proposed by the self–other knowledge 
asymmetry (SOKA) model90.

Second, across both methods of measurement (self- and informant-reports) and cohorts (EGCUT and 
Lifelines, where applicable), SNP-based heritability estimates > 0% were observed for the Anxiety (N1), 
Angry Hostility (N2), Depression (N3), and Vulnerability (N6) facet sum scores. However, only three of these 
estimates (i.e., EGCUT informant-reported Anxiety (N1) and Lifelines self-reported Angry Hostility (N2) and 
Vulnerability (N6)) were statistically significant at p = .05, and there were also noticeable inconsistencies in 
our GREML-GCTA results, across cohorts and/or self- and informant-reports. When in the EGCUT self-reports, 
for instance, the SNP-based heritability of Impulsiveness (N5) sum scores was as high as 19.8% (p = .040), 
the same estimate was 0 (n.s.) in the EGCUT informant-reports, and a low 3.3% (p = .193) in the Lifelines 
self-reports. These inconsistent findings are particularly intriguing, as the genetic correlations between the 
SNP-based estimates for self- and informant-ratings for different Neuroticism sum scores (both domain and 
facet scores) in the EGCUT sample were all near unity (except for Vulnerability (N6), rG = .91), indicating 
that, by and large, the same genes seem to explain the genetic variance in self- and informant-ratings of 
Neuroticism. Overall, these results suggest that SNP-based heritability estimates are not very robust at a 
finer level of measurement of Neuroticism. Of course, it must be noted that the statistical power was very 
low for these analyses (less than 30% for a heritability of 15%).

Third, SNP-based heritability estimates were considerably lower for residual facet scales than for sum scores, 
for both self- and informant-reports. This means that, if you remove the “general Neuroticism genetic effect,” 
there is little specific genetic effect left in facet-level scores. In other words, the heritability estimates of facet 
scores discussed in the paragraph above were largely due to the heritable variance they shared with other 
facets—something that could be interpreted as the general domain of Neuroticism. For instance, in both 
self- and informant-reports, a modest portion of the specific variance in the Neuroticism facet scales Anxiety 
(N1) and Angry Hostility (N2) was still attributable to genetic influence (8% to 17%), implying that there 
might be unique genetic influences underlying these facets (cf. 32).

Fourth, we found a significant gene-environment interaction effect (p < .05) in self-reported Impulsivity 
(N5) sum scores, suggesting that genetic effects on Impulsivity scores differ across cohorts. 
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Limitations and Conclusions

Despite several strengths, as outlined above, our study also has some notable limitations. The main limitation 
is restricted statistical power of some of the analyses conducted because of the relatively small sample size 
of the EGCUT cohort (as evinced by the large standard errors of the SNP-based heritability estimates), as 
GREML-GCTA requires very large samples to detect genetic effects91, 92. Another major limitation is that the 
Lifelines cohort only had self-reported personality data for four Neuroticism facet scales, meaning that we 
could not repeat all analyses (self- vs. informant-reports, sum vs. residual scores) in both cohorts. As far 
as we are aware, this is the first study to estimate the heritability of personality traits with both self- and 
informant-reports by using the GREML-GCTA approach, but as our findings are limited to a single cohort, it 
is impossible to generalize these effects. 

In sum, if we accept that individual differences in Neuroticism are heritable to a larger extent than 15%—
as demonstrated by behavioral genetics studies—our findings may indicate that a large proportion of the 
heritability of Neuroticism can be explained by other factors such as non-additive or due to rare genetic 
variants. In both cases, the genetic mechanisms of the trait are complex and possibly quite idiosyncratic: 
very different combinations of genes might be implicated, even in similar levels of the phenotypic traits.

Our results also show that, although there may be substantial differences in the heritability of Neuroticism 
facets—supporting a more “nuanced” approach to Neuroticism as recently advocated by McCrae32 —these 
differences are not robust, in that they do not replicate across different cohorts or modes of measurement. 
Even more, we found a significant gene-environment interaction effect for the Neuroticism facet scale 
Impulsiveness (N5), indicating that different genetic markers influence this Impulsiveness score in 
different populations. Thus, it is perhaps time to consider the possibility that “there actually is not a large 
set of neuroticism genes, each with small effect” but “there is merely a nonspecific genetic background to 
phenotypic neuroticism, and to its phenotypic causes and effects”16 (p. 536). How this nonspecific genetic 
background becomes manifest in the phenotypic characteristics that we aggregate into the facets of 
Neuroticism, and the broad Neuroticism itself, may vary across people and the point of view from which 
the characteristics are judged.
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Abstract

HapMap imputed genome-wide association studies (GWAS) have revealed > 50 loci at which common 
variants with minor allele frequency >5% are associated with kidney function. GWAS using more complete 
reference sets for imputation, such as those from The 1000 Genomes project, promise to identify novel 
loci that have been missed by previous efforts. To investigate the value of such a more complete variant 
catalog, we conducted a GWAS meta-analysis of kidney function based on the estimated glomerular 
filtration rate (eGFR) in 110,517 European ancestry participants using 1000 Genomes imputed data. We 
identified 10 novel loci with p-value < 5x10-8 previously missed by HapMap-based GWAS. Six of these loci 
(HOXD8, ARL15, PIK3R1, EYA4, ASTN2, and EPB41L3) are tagged by common SNPs unique to the 1000 
Genomes reference panel. Using pathway analysis, we identified 39 significant (FDR<0.05) genes and 127 
significantly (FDR<0.05) enriched gene sets, which were missed by our previous analyses. Among those, 
the 10 identified novel genes are part of pathways of kidney development, carbohydrate metabolism, 
cardiac septum development and glucose metabolism. These results highlight the utility of re-imputing 
from denser reference panels, until whole-genome sequencing becomes feasible in large samples.

Supplementary information can be found at the website of 
Scientific Reports:
https://www.nature.com/srep/
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Introduction

Chronic kidney disease (CKD) is a major public health concern affecting ~10% of the global adult 
population1. CKD is defined based on the glomerular filtration rate estimated from serum creatinine 
(eGFRcrea), a quantitative phenotype for which 53 loci have been identified so far by meta-analyses of 
genome-wide association studies (GWAS)2-7. These GWAS meta-analyses were based on ~2.5 million 
variants imputed from the HapMap Project reference panel8. Similar to the genetic variants identified 
for other phenotypes, all variants associated with eGFRcrea had a minor allele frequency (MAF) of >5%. 
However, though heritability of eGFR has been estimated in family studies to range between 36-75%9, 

10, the identified variants explain less than 4% of the variance of eGFRcrea7 and are located in regions of 
extended linkage disequilibrium (LD). So far, causal genes or variants have only been identified for a few 
of the association signals11, 12.

It has been shown that variants poorly tagged by GWAS arrays and HapMap imputation, particularly low-
frequency variants (1% ≤ MAF ≤ 5%), can explain additional variability13. Recent technological advances 
resulted in large collections of whole-genome sequence data, such as those from The 1000 Genomes 
project14, 15. These data provide better coverage and increased imputation quality compared to previous 
HapMap imputation16, particularly for low-frequency variants.

We undertook a meta-analysis of GWAS from 33 studies that imputed genotypes from The 1000 Genomes 
reference panel, hypothesizing that this would uncover novel common variants associated with eGFRcrea, 
extend to low-frequency variants, reveal novel pathways of eGFRcrea associated genes, and improve fine-
mapping of known eGFRcrea loci previously identified by our HapMap-based GWAS3-7.

Results

Study characteristics

In total, 110,517 adult individuals of European ancestry from 33 studies participated in GWAS meta-analysis 
of eGFRcrea using genotypes imputed with The 1000 Genomes Phase I reference panel14 (1000 Genomes 
meta-analysis). In addition, we performed a GWAS meta-analysis of eGFR derived from cystatin C (eGFRcys), 
an alternative marker of kidney function available in 11 of the 33 studies (n=24,063). Participating studies, 
phenotypic characteristics, genotype information, and methods of analysis are reported in Supplementary 
Tables 1, 2, 3, and 4, respectively. The 1000 Genome meta-analysis results on eGFRcrea are compared with 
our previously published HapMap imputed data7, which was a HapMap-based meta-analysis of 133,814 
European ancestry individuals from 50 studies.



76   |   Chapter 7 1000 Genomes-based meta-analysis identifies novel loci for kidney function   |   77

7

Imputation quality of variants imputed with The 1000 Genomes reference panel

The 1000 Genomes meta-analysis consisted of 10,971,307 genetic variants (10,159,097 SNPs and 
812,210 insertion-deletions) with imputation quality IQ > 0.4 17 in each of the studies and present in 
at least 50% of the subjects. Depending on the imputation methodology used, the IQ was reported as 
RSQ18 or info-score19 (Supplementary Table 3). Compared to the HapMap meta-analysis, the 1000 Genomes 
meta-analysis included a higher number of well imputed variants (8,103,124 versus 2,249,027 variants 
with IQ > 0.8), particularly among the low-frequency variants (1,585,176 versus 191,580, Supplementary 
Table 5). While rare variants (MAF ≤ 1%) were not available in the previous HapMap meta-analysis, there 
were even 632,526 well-imputed rare variants in the 1000 Genomes meta-analysis. When limiting the 
comparison to variants available in both panels, the proportion of well-imputed variants was higher in the 
1000 Genomes compared to the HapMap meta-analysis (96.9% versus 93.3% for all; 88.3% versus 78.4% 
for the less frequent variants, Supplementary Table 5).

1000 Genomes meta-analysis results

The 1000 Genomes meta-analysis identified 49 genome-wide significant loci for eGFRcrea including 10 
novel loci (lead variant p-value < 5x10-8, Table 1, Figure 1, and Supplementary Figure 1). All identified lead 
variants were SNPs, and all were common, except rs187355703 near HOXD8 (MAF=0.03). None of the novel 
loci contained genes known to cause monogenic forms of kidney disease and for most genes no connection 
to kidney function or kidney disease has yet been described (Supplementary Table 6). However, it should 
be acknowledged that genetic variants identified in GWAS are not necessarily associated with the function 
of the physically closest gene. Of the 53 known eGFRcrea loci identified previously based on HapMap2-7, 39 
were also genome-wide significant in the current 1000 Genomes meta-analysis (Supplementary Table 7) 
and the remaining 14 showed directions of association consistent with published reports, but did not reach 
significance (p-values 2.2x10-2 to 5.2x10-7; Supplementary Table 8). These results are consistent with our 
expectations from power computations (Figure 2). Among the 39 lead variants in previously published loci 
that were genome-wide significant in the 1000 Genomes meta-analysis, 6 lead variants were found to be 
the same as the previously published variants, 25 were highly correlated (r2 > 0.6), and 8 showed moderate 
or no correlation (r2 ≤ 0.6).

The 1000 Genomes meta-analysis of eGFRcys confirmed previously identified loci in or near CST3/CST9 
(p-value = 4.1x10-153), UMOD (p-value = 2.9x10-10), and ATXN2 (p-value = 1.6x10-8), but did not reveal any 
novel signal.
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TABLE 1 | The 10 novel genome-wide significant loci (p<5x10-8) associated with eGFRcrea in up to 110,517 subjects from 
up to 33 studies.

Variant ID Chr Position
Index 
Gene

Effect allele 
/ non-effect 

allele

Effect allele 
frequency

Effect (SE) p-value I2 (%) IQ
Number of 
subjects in 

analysis

rs10874312 1 82,944,571 LPHN2 A/G 0.67 -0.0057(0.0011) 2.20x10-08 19 1.00 107,335

rs12144044 1 113,248,791 RHOC A/C 0.28 -0.0061(0.0011) 2.87x10-08 0 0.96 110,517

rs187355703 2 176,993,583 HOXD8 C/G 0.97 0.0182(0.0030) 5.15x10-10 5 0.89 109,257

rs111366116 5 53,295,546 ARL15 T/C 0.11 0.0094(0.0015) 6.27x10-10 22 0.97 110,517

rs113246091 5 67,739,274 PIK3R1 A/G 0.10 -0.0095(0.0016) 1.98x10-09 43 0.98 110,105

rs7764488 6 133,812,872 EYA4 A/G 0.32 0.0061(0.0011) 4.08x10-09 1 0.98 110,516

rs13298297 9 119,264,108 ASTN2 A/G 0.20 -0.0075(0.0014) 1.53x10-08 0 0.81 110,514

rs1111571 16 68,363,181 SLC7A6  A/G 0.71 0.0061(0.0011) 6.20x10-09 0 1.00 109,275

rs9962915 18 5,593,171 EPB41L3 T/C 0.48 -0.0055(0.0010) 7.19x10-09 0 0.98 110,516

rs12458009 18 59,350,507 RNF152 T/G 0.78 -0.0064(0.0012) 2.90x10-08 21 1.00 107,325

Positions are given on GRCh build 37. The gene closest to the variant is listed (index gene). Effect sizes are given on the log scale. 
IQ=Imputation quality metric computed as median of info score (ImputeV2) or RSQ (minimac) across studies. SE=standard error. 
I²=between-study heterogeneity statistic.

FIGURE 1 | Manhattan Plot for the results of the 1000 Genome meta-analysis for eGFRcrea. Shown are the (-log10) p-values 
by genomic position (GRCh build 37). Highlighted are the 10 novel loci identified with genome-wide significance (blue, 
annotated by nearest gene), the 39 previously published2-7 and confirmed (genome-wide significant) loci (green) and the 
14 previously published loci that were not genome-wide significant in this analysis (orange).
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FIGURE 2 | Effects of the 1000 Genomes lead variants for the 49 identified loci and the additional 14 known loci that 
were not genome-wide significant in this analysis. Shown are the effect sizes and minor allele frequencies (MAF) of the 
1000 Genomes lead variants (variants with smallest p-value) in each of the 10 novel (blue), the 39 known genome-wide 
significant loci (green), and the 14 known loci that were not genome-wide significant in this analysis (orange). Additionally, 
the 80% power to detect such effects in a sample size of 110,000 subjects (as in this 1000 Genomes meta-analysis) is shown 
as a red line. A known locus is defined by the published lead variant ± 1 Mb; a novel locus is defined by the 1000 Genome 
lead variant ± 1 Mb.

The ten novel eGFRcrea loci in the context of the different reference panels

For six of the ten novel loci (HOXD8, ARL15, PIK3R1, EYA4, ASTN2, and EPB41L3), the lead variant identified 
in the 1000 Genomes meta-analysis was not observed in any previous HapMap meta-analysis and in fact 
was not genotyped as part of the HapMap reference panel. Moreover, no variant in LD with any of these six 
lead variants (r2 or D’ ≥ 0.4) was available in the HapMap panel. These loci have been missed due to the 
limited coverage of the HapMap panel.

For one further locus, RHOC, the 1000 Genome meta-analysis lead variant was present also in our previous 
HapMap meta-analysis, but with a lower imputation quality (1000 Genomes median IQ across all studies of 
0.96 versus HapMap median IQ of 0.86). The effect size was slightly higher in the 1000 Genomes compared 
to the HapMap meta-analysis (0.0061 versus 0.0051 ln ml/min/1.73 m2, Supplementary Table 9). This 
locus might have been missed in the HapMap meta-analysis due to the higher uncertainty in the imputed 
genotypes, which is known to diminish power and to attenuate effect size in linear regression20.

For the remaining three loci (LPHN2, SLC7A6 and RNF152), the lead variants of the 1000 Genomes meta-
analysis were observed in the HapMap meta-analysis and similarly well imputed (IQ near 1.0 for both 
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panels). The effect sizes were similar for all three SNPs in both 1000 Genomes and HapMap meta-analyses 
(0.0057 versus 0.0041, 0.0061 versus 0.0049, 0.0064 versus 0.0050 ln ml/min/1.73 m2 respectively) and 
the HapMap estimates lie well within the 98.5% confidence interval of the 1000 Genomes estimates. No 
substantial between-study heterogeneity was observed (I²=19%, 0%, or 21%, respectively, Supplementary 
Table 9). Since the p-values in the HapMap analysis were just short of genome-wide significance (p-values 
8.38x10-6 to 2.33x10-7; type II error of 14% - 29%), it is conceivable that these variants have been missed 
previously by chance.

Pathway analyses

Data-driven Expression Prioritized Integration for complex Traits (DEPICT)21 analysis of eGFRcrea identified 
39 significant (FDR<0.05) genes and 127 significantly (FDR<0.05) enriched gene sets that were not 
identified previously7. Among those, 23 gene sets contained at least one of the 10 novel index genes as 
a top 10 hit, underpinning the influence of ureteric bud morphogenesis on kidney development and the 
influence of abnormal glucose homeostasis and glucan metabolic process on carbohydrate metabolism 
(Supplementary Table 10). All 127 significant gene sets were further grouped into meta gene sets, 
corresponding to their correlation of gene expression. The two most significant meta gene sets were Cardiac 
Septum Development (pvalue = 4.48*10-5) and Glucose Metabolism (pvalue = 6.11*105), containing one 
of the 10 novel index genes (Supplementary Figure 2). We repeated the analysis with varying parameters 
(50, 200, and 500 repetitions and 500, 2000, and 5000 permutations, respectively), confirming our 
primary top gene sets at an FDR of < 0.05. P-values ranged from 1.32x10-3 to 4.48x10-5 and from 8.27x10-4 
to 4.98x10-5 for Cardiac Septum Development and Glucose Metabolism, respectively. We replicated also 
the strong influence of embryonic development, kidney transmembrane transporter activity, and kidney 
and urogenital system morphology in the genesis of CKD from our previous findings7: enrichment of all 
148 previously identified gene sets was nominally significant (p-value < 0.05).

Independent association signals at novel and known loci

To identify independent association signals within a known or novel locus, we performed joint conditional 
analysis of eGFRcrea based on aggregated study-specific statistics using the GCTA software22. Among the 
combined 49 loci (39 known and 10 novel) attaining genome-wide significance, we uncovered eight 
independent signals, all among the previously reported loci, with p-values ranging from 2.39x10-8 to 
2.78x10-17 after conditioning on the lead variants at each locus (Supplementary Table 11, Supplementary 
Figure 3). We found that in all but one locus (DDX1), the previously reported lead variant was also genome-
wide significant in our 1000 Genomes meta-analysis. A more detailed reasoning for the independent 
association signals is proposed in Supplementary Table 12. Information about biological knowledge of the 
highlighted genes is presented in Supplementary Table 13.
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Proportion of phenotypic variance explained and polygenic risk score (PRS) analysis

The overall proportion of phenotypic variance of eGFRcrea explained by the lead variants of the 1000 
Genomes meta-analysis in all novel and known loci was 3.99%: 0.46% by the 10 lead variants in the novel 
loci, 3.12% by the 39 lead variants in the known loci, and 0.41% by the 1000 Genomes lead variants in the 
14 known loci that were not genome-wide significant in this analysis.

Next, we tested the proportion of eGFRcrea variance that could be explained by common genetic variants 
in 1,071 independent adolescents participating in the TRAILS study. Given prior evidence that eGFRcrea-
associated genes are preferentially expressed in the kidney and enriched for genes important in kidney 
development7, external influences on eGFRcrea such as those for the two main drivers of CKD, diabetes 
and hypertension, may be less important in this setting. In TRAILS, the maximum proportion of variance 
explained by SNPs associated at pre-defined p-value thresholds was 2.2% for a PRS composed of SNPs 
associated with eGFRcrea at p-value < 1x10-5 (Supplementary Table 14).

SNP-based heritability analysis 

The heritability estimate using variants of MAF >0.01 for eGFRcrea in the ARIC study was 0.21 (95% CI 
0.14-0.28) and 0.31 (95% CI 0.20-0.41) for all variants. This is in line with estimates in the literature from 
population-based family studies such as the Framingham Heart Study (adjusted h2 0.33, 95% CI 0.19-
0.47)23.

Expression quantitative trait loci (eQTL) lookup

To explore potential functional implications of the novel loci, we interrogated published databases of cis 
eQTL in whole blood24 for the significant SNPs or their proxy variants (r² >0.8 within a 1MB window). At 
2 novel loci, significant association (p-value < 0.004) with gene expression were found: rs1111571 with 
SLC7A6, ZFP90, LYPLA3 and NFATC3, and for rs12144044 with RHOC and ST7L (Supplementary Table 15). 

We expanded our downstream analysis by annotating the significant variants with known and predicted 
regulatory elements using Regulome DB25: We confirmed rs1111571 and rs12144044 as significant 
associations with gene expression and found supporting evidence that these two variants show also 
evidence for transcription factor binding sites and DNase peaks. For the locus identified by rs187355703 
no proxy was found for lookup.

Genetic correlation

To investigate the genetic correlation of serum creatinine with related phenotypes, we queried LD Hub26 
and identified modest genetic correlation with metabolic syndrome traits such as HDL, LDL, Type 2 diabetes, 
fasting glucose, BMI, and waist (LD score regression genetic correlation between 0.07 and 0.05). Little 
evidence for kidney damage is reported for a risk score of SNPs which are significant predictors of blood 
pressure27.
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Discussion

The main finding of our study is that imputing from denser and larger reference panels is a valid strategy 
to advance gene mapping even when the sample size cannot be increased. Using genotype imputation 
based on The 1000 Genomes panel led to the identification of 10 novel genome-wide significant loci for 
kidney function that were missed by earlier HapMap-imputed GWAS of larger sample size, partly due to 
the enhanced coverage of genomic variation. This phenomenon was observed in similar analyses of other 
phenotypes28. Still, it needs to be acknowledged that the additional proportion of trait variance explained 
by these new loci is moderate, which is also in line with findings from GWAS of other phenotypes29. 

There are several methodological insights that can be gained from our analyses. First, this 1000 Genomes-
based meta-analysis of 110,517 individuals has identified 10 novel loci and 8 independent association 
signals in known loci that were missed by our latest HapMap based analysis7. Our detailed dissection shows 
that 1000 Genomes imputation (i) provides variants missed or poorly tagged by HapMap based analysis 
and (ii) achieves a higher effective sample size through increased imputation quality.

Second, although the 1000 Genomes imputation enables the analysis of low-frequency variants, insertions 
and deletions, all identified top variants were SNPs, and all but one (near HOXD8) were common. Moreover, 
we did not identify any low-frequency variant of large effect. Our results are highly concordant with those 
of other recent complex diseases studies30 showing that low-frequency variants are also contributing to 
complex disease risk, but that most observed effect sizes are small or modest, and hundreds of thousands 
of subjects are required for detection. To identify the contribution of rare variants (MAF<1%) to eGFRcrea, 
large-scale sequencing data in addition to genomic chip data have been shown to be a promising 
approach30.

Third, these novel loci, missed by our previous analysis7, extend our knowledge of pathways underlying 
kidney function, which depicts the influence of kidney development, kidney structure, and metabolic 
activity on the development of CKD.  

The comparison of our 1000 Genomes meta-analysis with our previous HapMap meta-analysis is limited by 
several factors: the current analysis consists of a reduced number of samples and a slightly different study 
composition. Furthermore, different 1000 Genomes reference panels were used to impute genotypes and 
advances in imputation software and methodology must be acknowledged31, 32. Nevertheless, six of the ten 
lead variants in the novel loci are only covered by The 1000 Genomes reference panels, which demonstrates 
the advantage of meta-analyses on 1000 Genomes over HapMap imputed genotypes.

In conclusion, we identified 10 novel loci and 8 additional independent association variants within known 
loci associated with kidney function and identified 127 novel pathways for kidney function. These results 
highlight the utility of re-imputing studies from improved reference panels as an intermediate cost-
efficient approach to scan the full allelic frequency range for kidney function associated variants, until whole 
genome sequencing is feasible in large samples.
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Methods

Phenotype definition

Each study measured serum creatinine as described in Supplementary Table 1. Between-laboratory variation 
has been accounted for by calibrating creatinine to the US nationally representative National Health and 
Nutrition Examination Study (NHANES) data in all studies4, 33, 34. GFR based on serum creatinine (eGFRcrea) 
was estimated using the four-variable Modification of Diet in Renal Disease (MDRD) Study Equation35, 36. 
In a subset of studies, serum cystatin C was also obtained and eGFRcys estimated as 76.7*(serum cystatin 
C)–1.19 (see also 37). The eGFRcrea and eGFRcys values < 15 ml/min/1.73 m2 were set to 15, and values > 200 
were set to 200 ml/min/1.73 m2. If not stated otherwise, our presented data and results are for eGFRcrea, 
which was our main analysis.

Genotyping

Genotyping was conducted in each study as specified in Supplementary Table 3. After applying appropriate 
quality filters, participating studies performed genotype imputation with standard imputing procedures31, 

32, 38 using any version of the 1000 Genome Phase 1 reference panels. The obtained imputed genetic 
variants were coded as allelic dosages. Details of study specific imputation procedure and specific reference 
panel are given in Supplementary Table 3.

Genome-wide association analysis

Each study performed GWAS according to a uniform analysis plan by regressing sex- and age-adjusted 
residuals of the natural logarithm of eGFRcrea and eGFRcys on the allelic dosage levels. When appropriate, 
adjustment for study-specific features such as study site or genetic principal components was included 
in the model. Family-based studies accounted for relatedness using mixed effect models.  Details on the 
study-specific methods are reported in Supplementary Table 4.

GWAS meta-analysis

All GWAS files underwent quality control using the GWAtoolbox package39. GWAS meta-analyses for 
eGFRcrea and eGFRcys were performed using the software METAL40 assuming fixed effects across studies 
and using inverse-variance weighting, excluding variants with imputation quality IQ ≤ 0.4 or variants 
present in less than 50% of the 110,517 subjects (yielding 10,971,307 variants). The genomic inflation 
factor λ was estimated for each study as the ratio between the median of all observed test statistics (b/
SE)2 and the expected median of a chi-squared with 1 degree of freedom, with b and SE representing the 
effect of each SNP on ln eGFRcrea or ln eGFRcys and its standard error, respectively. Genomic-control (GC) 
correction41 was applied to p-values and SEs in case of λ >1 (1st GC correction). To limit the possibility 
of false positives, a second GC correction on the aggregated results was applied after the meta-analysis. 
Between-study heterogeneity was assessed with the I2 statistic42.
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Definition of known and novel loci

Known loci were defined by a previously published lead variant that had shown genome-wide significant 
association with eGFRcrea (p-value < 5x10–8) and the genetic segment around it (lead SNP ± 1Mb)2-7. 
Variants outside such segments and associated with eGFRcrea at a p-value < 5x10–8 in the 1000 Genomes 
meta-analysis defined the novel loci. Each novel locus was pinpointed by the lead variant with the smallest 
p-value ± 1 Mb.

Comparison of 1000 Genomes and HapMap results

For the variants available in both the 1000 Genomes and HapMap meta-analyses, we compared lead 
variants, effect sizes, imputation quality as well as the power that we had in the data to detect the respective 
effects. For this comparison, we also utilized the association results of our previous HapMap meta-analysis7 
in 50 studies including a maximum of 133,814 subjects. Power was calculated in R (www.r-project.org) 
for the approximate maximum number of subjects in the 1000 Genomes meta-analyses (n=110,000) to 
identify the lead variants with an alpha of 5x10-8. Further, effective power, which takes into account the 
imputation quality of the variant, was calculated based on the effective number of subjects, which is the 
number of subjects per variant multiplied by the median of the imputation quality across studies.

Pathway Analyses

Pathway analyses, comprised of pathway/gene set enrichment and tissue/cell type analyses, were 
performed by applying a software package called Data-Driven Expression Prioritized Integration for 
Complex Traits (DEPICT)21. DEPICT performs gene set enrichment analyses by testing whether genes in 
GWAS-associated loci are enriched for reconstituted versions of known molecular pathways (jointly referred 
to as reconstituted gene sets). The reconstitution is accomplished by identifying genes that are co-regulated 
with other genes in a given gene set based on a panel of 77,840 gene expression microarrays43. Genes 
that are found to be transcriptionally co-regulated with genes from the original gene set are added to 
the gene set, which results in the reconstitution. Several types of gene sets were reconstituted in DEPICT: 
5,984 protein molecular pathways derived from 169,810 high-confidence experimentally derived protein-
protein interactions44, 2,473 phenotypic gene sets derived from 211,882 gene-phenotype pairs from the 
Mouse Genetics Initiative45, 737 Reactome database pathways46, 184 Kyoto Encyclopedia of Genes and 
Genomes (KEGG) database pathways47 and 5,083 Gene Ontology database terms48. In total, 14,461 gene 
sets were assessed for enrichment in genes in associated regions. DEPICT also facilitates tissue and cell type 
enrichment analyses by testing whether the genes in associated regions are highly expressed in any of the 
209 MeSH annotations for 37,427 microarrays on the Affymetrix U133 Plus 2.0 Array platform.

In our analysis, we used DEPICT version 1 rel194 and to be comparable to our previous analysis, included 
all variants reaching eGFRcrea association p-values < 1×10−5 from HapMap and 1000 Genomes imputed 
data with genomic coordinates defined by genome build GRCh38 (https://genome.ucsc.edu/cgi-bin/
hgLiftOver). Since 1000 Genomes imputed loci in the DEPICT analysis differed slightly from the HapMap 
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imputed loci, our HapMap and 1000 Genomes input was created by adding all significant 1000 Genomes 
variants to all significant HapMap variants. This process resulted in a total of 3,659 variants for HapMap, 
7,894 variants for 1000 Genomes, and 9,270 variants for HapMap and 1000 Genomes analyses. Next, 
independent lead variants were identified with Plink49 using ±500 kb flanking regions and r² > 0.01 with 
the 1000 Genomes data14 as reference. Genomic intervals are generated consisting of all variants within 
r²>0.5 to each lead variant. If any of the 19,987 genes in the analysis overlaps or resides within a genomic 
interval, it is mapped to that interval. After merging of overlapping regions and excluding regions within 
the major histocompatibility complex on chromosome 6, base pairs 25,000,000 - 35,000,000, DEPICT 
analyses were conducted using the following parameters: 200 repetitions to compute FDR and 2,000 
permutations to compute p-values adjusted for gene length by using 500 null GWAS. For the enrichment 
analysis we used 10,968 reconstituted gene sets. For visualization, all novel significant gene sets were 
further merged into meta gene sets by running an affinity propagation50 from Pythons scikit-learn package 
(http://scikit-learn.org/). The network was visualized with Cytoscape (http://cytoscape.org/).

Identification of independent association signals with GCTA

We searched for independent association signals in the known and novel loci with a joint conditional 
analysis on the aggregated meta-analysis results using the GCTA-COJO method (conditional and joint 
genome-wide association analysis)22, 51. The KORA-F4 GWAS data52 were used to estimate the LD (r2) in 
the joint conditional analysis, and to quantify the extent of coinheritance (D’)49. A potential independent 
association signal within a given locus was reported if the variant with the smallest conditional p-value was 
genome-wide significant (p-value < 5x10-8) after conditioning on the previously reported variant in a locus. 

SNP-based heritability analysis

The heritability of eGFRcrea was estimated using GCTA GREML-LDMS methods53 (version 1.25) with imputed 
genotype accounting for linkage disequilibrium. The imputed genotype was based on dosage (probability 
>0.9) imputed using the 1000 Genomes Phase I reference panel and filtered by the following criteria: 
HWE < 1x10-6, individual missingness > 5%, SNP missingness > 5%, and MAF < 0.0005 (~3 copies).

Proportion of phenotypic variance explained

To quantify the impact of the identified genetic loci on renal function, the percent of phenotypic variance 
explained by all lead variants in the novel and known loci was estimated as , where = and beta is the 
estimated effect of the variant in the 1000 Genomes meta-analysis54. The variance of the residuals of ln 
(eGFRcrea) is computed in the ARIC study (n=9,038). All variants were assumed to have independent 
effects on the phenotype.
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Polygenic risk score analysis

PriorityPruner (http://prioritypruner.sourceforge.net) was used to select independent SNPs from The 1000 
Genomes reference panel using an algorithm that preferentially selects SNPs that are more significant in 
the current 1000 Genomes meta-analysis compared to the previous HapMap meta-analysis. Polygenic 
risk scores (PRSs), using various thresholds of significance, as obtained from the 1000 Genomes meta-
analysis results and weighted for the effects sizes within study were generated in TRAILS55  (n=1,071), 
an independent study of adolescents, which was not part of the meta-analysis. These PRSs were tested 
for association with eGFRcrea using linear regression in R and the variance explained by the PRSs was 
calculated.
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Abstract

Cannabis is one of the most commonly used substances among adolescents and young adults. Research 
shows that the age at first cannabis use is decreasing. Earlier age at cannabis initiation is linked to adverse 
life outcomes including multi-substance use and dependence. Here we aim to estimate heritability of and 
to identify genetic variants associated with age at first cannabis use. We performed the largest molecular 
genetic study to date of age at first cannabis use comprising a discovery sample of 24,953 individuals 
from nine cohorts, and a replication sample of 4,478 individuals from three cohorts from North America, 
Europe, and Australia. Five SNPs on chromosome 16 within the Calcium-transporting ATPase gene (ATP2C2) 
passed the genome-wide significance threshold. All five SNPs are in high LD (r2>0.8), and likely represent a 
single independent signal. The strongest association was with the intronic variant rs1574587 (P=4.07*10-

9). Gene-based tests also identified the ATP2C2 gene on 16q24.1 (P=1.54*10-6) along with two additional 
genes: ECT2L on 6q24.1 (P=6.59*10-8) and RAD51B on 14q24.1 (P=5.22*10-6), although neither the 
SNP nor gene-based test results were replicated. However, ATP2C2 has been previously associated with 
cocaine dependence, while the ATP2B2 gene, a member of the same calcium signalling pathway, has been 
associated with opioid dependence. Our findings lend support to the hypothesized link between calcium 
signalling genes and substance use disorders, consistent with the reported associations between early 
onset of cannabis use and multi-substance use, as well as with subsequent dependence.

Supplementary information can be found pages 115-170.
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Introduction

Cannabis is one of the most commonly used substances among adolescents and young adults1, 2. Annually, 
approximately 147 million people, or 2.5% of the world’s population, consume cannabis. In the last decade 
cannabis use disorders have grown more rapidly than either cocaine or opiate use disorders, with the most 
rapid growth seen in developed countries in North America, Western Europe, and Australia3. Accompanying 
these changes, there has also been a global trend towards decreasing age at first cannabis use4, 5. 

Globally, younger cohorts are more likely to use all types of drugs including cannabis. In the United States, 
the mean age at first cannabis use is 18 years, while the mean age at first cannabis use among individuals 
who initiate prior to age 21 is 16 years2. European data suggests that age at first cannabis use is lower in 
countries with higher prevalences of cannabis use6. In addition, the male-female gap, which is commonly 
observed in older cohorts, has been found to be closing in more recent cohorts7, 8. Overall, these trends are 
probably due to lower risk perception, especially among young people9 and increased availability caused 
by medicalisation and decriminalisation. Despite these trends, very little is known about the genetic 
aetiology of age at first cannabis use.

Early cannabis initiation has been associated with a number of maladaptive outcomes. These include 
educational under-achievement10-12, possible cognitive decline13, 14, negative life events15, differences in 
brain maturation in at-risk adolescents16, and psychosis and other psychopathology17-20. Early age at onset 
of use is also linked to more frequent progression to problematic cannabis use and multi-substance use, 
and increased likelihood of substance use disorders6, 21-28. 

Despite its widespread use and its association with adverse life outcomes, there remain significant gaps 
in our understanding of the genetic epidemiology of age at first cannabis use. A meta-analysis of twin 
studies29 reported a heritability (h2) of ~45% for lifetime cannabis use (ever versus never). However, only 
a very limited number of biometric genetic studies have explored the heritability of age at first cannabis 
use. Most recently, Richmond-Rakerd et al.30 estimated the heritability of age at first cannabis use in a large 
population-based sample of lifetime users to be 19%, which was non-significant. In contrast, Lynskey et al.28 
reported much larger genetic influences (h2=80%) on early onset use (≤16 years), whereas Sartor et al.31 
reported a heritability of 52% when age at first cannabis use was categorized as ‘never’, ‘late’ (≥17 years), 
or ‘early’ (≤16 years). These discrepant findings might be due to differences in the biometrical genetic 
methods employed, as well as to the inclusion versus exclusion of never users. To address these limitations, 
we estimate heritability of age at first cannabis use in twins from three different cohorts. We applied three 
models to determine whether cannabis initiation and age at initiation fall along the same continuum 
(single liability), represent two independent liabilities (independent model), or two distinct but related 
liabilities (combined model)32; heritability estimation is based on the best fitting model. Subsequently, 
we apply molecular genetic analyses to identify genetic loci associated with the age of first cannabis use. 

With regard to molecular genetics, we are aware of only one genome-wide association (GWA) study that has 
investigated the role of genetic variants associated with age at first cannabis use. Minica et al.33 performed 
a genome-wide survival analysis in a sample comprising 5148 participants from 2,992 Dutch families 
(including 4,296 individuals who declared never to have used cannabis and 852 individuals that had 
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initiated cannabis use). No SNPs (single nucleotide polymorphisms) or genes were significantly associated 
with age at first cannabis use, which may be due to a lack of statistical power33. It is likely that this phenotype 
is highly polygenic, comprising many genetic variants with small effects. Consequently, identifying genetic 
variants will require much larger samples than previously employed. Survival-based methods suggested 
by Minica et al. are suitable for the analysis of age-at-onset traits in genome-wide analyses because they are 
expected to yield greater statistical power than GWA analyses limited to cannabis users only, or to analyses 
relying on logistic regression based on samples of users and non-users34-36. We therefore applied a survival-
based approach here with eight additional cohorts to detect genetic variants associated with age at first 
cannabis use.

The International Cannabis Consortium (ICC) was established to identify genetic variants underlying 
individual differences in cannabis use phenotypes by combining data from numerous cohorts and studies. 
The ICC has previously identified four genes significantly associated with lifetime cannabis use: NCAM1; 
CADM2; SCOC; and KCNT237. Interestingly, both NCAM1 and KCNT2 have been previously linked to other 
substance use phenotypes37. Of note is also our novel finding at CADM2 which was recently associated with 
alcohol consumption38, personality39, and behavioural reproductive outcomes and risk-taking behaviour40. 

We aimed to identify genetic variants associated with age at first cannabis use. We analysed results from 
a discovery sample comprising N=24,953 individuals and we sought replication of the top signals in a 
sample of N=4,478 individuals. Prior to the meta-analysis, each participating cohort (Table 1), modelled 
age at first cannabis use as a function of SNPs using a genome-wide survival analysis33. The SNP-based 
genome-wide meta-analytic results were then used in gene-based tests of association. With genes as the 
unit of analysis the statistical power relative to single-SNP analyses is increased by jointly interrogating all 
SNPs within a gene while reducing the multiple testing burden41, 42.We tested the top SNP and gene-based 
results in an independent meta-analytic sample. In addition, we estimated the proportion of variance in 
age at first cannabis use that can be explained by common SNPs. Finally, we determined whether or not a 
polygenic risk score based on this meta-analysis predicts age at first cannabis use in one of the replication 
samples.

Materials and methods

Heritability study

The heritability of age at first cannabis use was estimated using data from three samples: NTR43, which 
includes 2017 monozygotic and 1771 dizygotic twin pairs; QIMR44, 45, which includes 1282 monozygotic 
and 1969 dizygotic twin pairs; and BLTS46, which contains 429 monozygotic and 577 dizygotic twin pairs. 
Three genetic models were fitted to the data: a single liability model, an independent liability model and a 
combined model (see 32). For the model that best fit the data, the twin correlations in liability were expressed 
as a function of genetic and environmental parameters based on the classical twin design47, 48. Sources of 
variation that were considered were additive genetic variation (A), shared environmental variation (C), and 
unshared environmental variation (E). See Supplementary Information 1 for more detail on this analysis.
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Study samples

The current discovery meta-analysis was based on genome-wide summary statistics from 9 European, North 
American, and Australian cohorts comprising N=24,953 individuals. The mean age ranged from 17.3 
to 46.9 years (Table 1). Females represented 53.2% of the sample, and 44.4% of the observations were 
uncensored, i.e., individuals who acknowledged having initiated cannabis use (see Supplementary Table 
S1 for more details).

The replication sample comprised of N=4,478 individuals with a mean age ranging from 19.5 to 49.4 years 
(Table 1). Females represented 49.9% of the sample, and 52.3% of the observations were uncensored (see 
Supplementary Table S1 for more details on the samples).

TABLE 1 | Descriptive information on the participating discovery and replication cohorts. 

Cohort N % Females
% Uncensored 
Observations

Mean age 
(SD)

Mean age at first 
use (sd) (in users)

Number 
of SNPs

Discovery

ALSPAC 6147 51.9 38.4 17.3 (1.7) 14.8 (1.6) 6,284,747

BLTS 721 57.1 59.5 26.2 (3.3) 18.8(2.8) 4,093,835

FinnTwin 1029 51.7 27.5 22.8 (1.3) 18.0 (2.5) 4,362,100

HUVH 581 31.3 30.3 28.7 (12.5) 16.0 (3.0) 4,318,727

NTR 5148 62.3 16.6 46.9 (17.5) 18.9 (5.1) 4,773,834

QIMR 6758 53.8 51.3 45.2 (10.9) 19.9 (5.8) 5,953,917

TRAILS 1249 53.8 61.7 20.0 (1.6) 16.3 (2.0) 4,109,101

Utrecht 958 51.3 59 17.4 (3.2) 15.5 (2.1) 4,260,457

Yale-Penn 2362 41.0 92.6 38.0 (10.5) 17.0 (9.4) 5,732,659

Replication

CADD 1801 35.5 81.9 23.65 (4.3) 14.25 (3.16) 8*

NTR2** 1740 63.7 22.2 35.0 (14.6) 18.0 (4.0) 8*

RADAR** 342 44.7 57.0 19.5 (0.8) 15.9 (1.7) 8*

SYS 595 56.1 48.2 49.4 (5.1) 33.8 (17.19) 8*

N = sample size (or range if sample size varied across SNPs), % uncensored observations (i.e., individuals who have initiated cannabis 
use). Mean age: age when completing survey or interview. Mean age at first use: mean age at first cannabis use * In the replication 
samples only the top 8 independent SNPs were tested. ** The NTR2 and the RADAR samples were combined and the analysis was 
performed in this combined sample.

Phenotyping in the GWAS discovery and replication samples

Age at first cannabis use was assessed from questionnaires or clinical interviews (see Supplementary 
Information 1 for information on the exact phrasing of the question). For individuals who had not initiated 
cannabis use at the time of the assessment, their age at the last survey or interview served as the phenotype. 
Depending on the cannabis initiation status, individuals were coded as uncensored (initiated), or censored 
(did not initiate at the time of the last measurement). In order to maximize sample size and given that all 
participating cohorts were on average relatively young, we included all available data, i.e., censored and 
uncensored observations, without imposing any age restriction. 
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Genotyping

Genotyping followed by extensive quality control (QC) was performed by each participating cohort 
(see Supplementary Table S2 for details). Generally, QC included the removal of single nucleotide 
polymorphisms (SNPs) with minor allele frequency (MAF) below 1%, call rates lower than 90%, and 
Hardy Weinberg equilibrium (HWE) p-values below 1*10-4 (but see Supplementary Table S2 for exact QC 
thresholds used by each cohort). SNPs known to have evidence of poor clustering on visual inspection of 
intensity plots were also discarded. At the subject level, additional QC involved the removal of individuals 
with low overall call rates (see Supplementary Table S2 for details) conflicting sex  designation, or excess 
autosomal heterozygosity (indicative of genotyping errors). Duplicate samples and unintended 1st or 2nd 
degree relatives (in samples of unrelated individuals) were also removed.

Imputation

The analysis protocol required all participating cohorts to perform genotype imputation using the 1000 
Genomes Phase 1 March 2012 release as a reference sample49. We refer to the Supplementary Table S2 for 
details on imputation performed by each cohort. Post-imputation QC included filtering out SNPs with poor 
imputation quality (< 0.4). We used best-guess genotypes (given requirements of the software used for the 
genome-wide analysis) with analysis restricted to autosomal chromosome SNPs.

Quality checks prior to meta-analysis

Prior to the meta-analysis, each input file underwent additional QC pertaining to imputation quality, minor 
allele frequency and HWE. As we used best guess genotypes, we selected for meta-analysis SNPs with high 
imputation quality (> 0.8). Based on this threshold, the average imputation quality across the SNPs ranged 
from 0.95 to 0.99 across the 9 discovery cohorts. Second, we retained only those SNPs with MAF greater 
than √(5/N), where N is the sample size. This ensured that there were at least 5 individuals in the least 
frequent genotype group. Third, genotyped SNPs were retained if HWE was not violated (p-value > 1*10-4). 
Lastly, SNPs were retained if their allele frequencies matched those reported in the 1000 Genomes data 
(i.e., the allele frequency difference did not exceed |0.2|). The discovery meta-analysis included 6,158,982 
unique bi-allelic SNPs which passed our QC criteria in at least two cohorts (see Table 1 for number of SNPs 
in each input file meeting our quality control criteria). 

Statistical analysis of individual samples

Cohort-specific analyses were performed using a standardized analysis protocol (see Supplementary 
Information 2 for details). Each study site performed a Cox proportional hazards regression analysis in 
which age at first cannabis use (or age at the last survey for censored observations) was regressed on the 
SNP (coded additively co-dominant as 0, 1, 2) and the following covariates: sex, birth-cohort (to correct for 
generation effects), the first four principal components (to correct for possible population stratification), and 
study-specific covariates (to correct for chip and/or batch effects; see Supplementary Table S2 for details). 
To account for relatedness in family-based cohorts we used the ‘cluster’ option implemented in the survival 



Genome-wide survival meta-analysis of age at first cannabis use   |   97

8

package in R50. This option ensured that the standard errors were robust to possible misspecification of the 
familial covariance matrix51. The survival package was accessed either directly in R, or called from PLINK52 
via the Rserve package53.

Meta-analysis

The discovery meta-analysis was performed in METAL54, using a fixed-effects model and the ‘SCHEME STDERR’ 
option, which weighs the beta coefficients by the inverse of their associated standard errors. To ensure that 
the bulk of the test statistic distribution follows the expectation under a theoretical null model, we applied 
genomic control to each cohort’s input file prior to meta-analysis. This ensured that none of the input cohorts 
contributed disproportionately to the meta-analysis results55. Similar to the method applied by Furberg et 
al.56 and Allen et al.57, we computed the standard error (and the corresponding p-value) by multiplying the 
variance of the beta by the genomic control lambda estimate for each sample (see Supplementary Table S2). 
As proposed by Pe’er et al. 58 an alpha of 5*10-8 was used as the genome-wide significance threshold. The top 
8 independent signals in the discovery meta-analysis (present in at least one of the replication samples) were 
taken forward for replication. In addition, these top SNPs were analyzed in a combined sample (including the 
discovery and the replication samples). We implemented the same procedures and options in the replication 
phase. Statistical analyses were performed on the Lisa Genetic Cluster Computer (http://www.geneticcluster.
org). 

Gene-based tests of association

Results from the GWA meta-analysis were used to test gene-based association. For these tests we employed the 
Gene-based Association Test using the Extended Simes procedure (GATES) implemented in the Knowledge-
based mining system for Genome-wide Genetic studies (KGG) software Version 3.5 41, 42 GATES combines the 
p-values of the SNPs within a gene by taking into account the linkage disequilibrium (LD) among the SNPs. 
The SNPs were mapped onto (or within 5 kb) 24,404 genes based on NCBI gene coordinates. LD structure was 
inferred based on the 1000 Genomes haplotypes (version March, 2012). For this analysis, a False Discovery 
Rate (FDR) of 0.05 was used as the genome-wide significance threshold59. All genes reaching significance were 
tested in the replication sample.

SNP-based heritability analysis

The proportion of phenotypic variance that could be explained by the retained SNPs was estimated using two 
different methods. The density estimation (DE) method, developed by So et al.60, estimates the genome-wide 
distribution of effect sizes based on the difference between the observed distribution of test statistics in the 
meta-analysis and the corresponding null distribution for a detailed overview of the DE method, see 61. For this 
method, SNPs present in at least 25% of the meta-analysis samples were selected and then pruned for LD. We 
used the r2=0.15 pruning level as the primary result for consistency with other applications of this method. LD 
Score Regression62 was used as an alternative method to estimate the SNP based heritability. For this method, 
the SNP-based heritability estimate was based only on SNPs present in all cohorts (N=2,557,198 SNPs) to 
avoid artefacts resulting from differing Ns per SNP. 
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Polygenic risk score (PRS) analysis

Polygenic risk score (PRS) analyses were carried out to determine whether age at first cannabis use could 
be predicted in one of the replication samples. Results from the GWAS discovery meta-analysis were 
used to create PRS in an independent sample from the Netherlands (the combined sample of NTR2-
RADAR; information about the samples can be found in Table 1, and Supplementary Tables S1, S2 and 
Supplementary Information 1) using LDpred63, a recently developed method that takes into account LD 
among the SNPs in creating the PRS. With LDpred, PRS are generated by calculating the mean causal effect 
size of each marker using the SNP effect sizes from the GWAS discovery meta-analysis and the LD structure 
from the European populations in the 1000 Genomes Phase I reference set. 

PRS were created using genotyped (i.e. non-imputed) SNPs that were prevalent in at least 7 of the discovery 
samples. The final number of SNPs used for the PRS was 366,351. PRS were calculated for several expected 
fractions of causal genetic markers to optimize prediction accuracy (0.1%, 1%, 10%, and 100%). The 
computed PRS were transformed into z-values before analysis.

We then tested whether the obtained PRS predicted age at first cannabis use in the independent target 
cohort by performing a Cox proportional hazards regression in R (as applied in our main analyses). Age at 
first cannabis use (or age at the last survey for censored observations) was regressed on the PRS. Sex, birth 
cohort, and three ancestry-informative genetic PCs were included as covariates in the model. To account for 
family relatedness we used the ‘cluster’ option implemented in the survival R-package.

Results

Heritability

The combined model with separate but correlated liabilities provided the best fit to the data (for more details 
on model fitting and twin correlations see Supplementary Information 4). According to the estimates in this 
model, the heritability (A) of age at first cannabis use was 38% (95% CI 19-60%). Shared (C) environmental 
and unique (E) environmental factors explained 39% (95%CI 20-56%) and 22% (95%CI 16-29%) of the total 
variance respectively. A, C, and E explained 48% (95%CI 30-65%), 37% (95%CI 21-52%) and 15% (95% CI 
11-20%), respectively, of the variance in risk of cannabis initiation.

GWAS meta-analysis 

The quantile-quantile plot for the fixed effects genome-wide discovery meta-analysis is shown in 
Supplementary Figure S1, where it can be seen that the bulk of the test statistic distribution follows the 
expectation under a null hypothesis of no association (λGC = 1). The test statistic behaved similarly when 
genomic control was not applied. Taken together, these results indicate that the meta-analysis results are 
robust to the slight deviations of the test statistic distribution from the theoretical null model observed in 
some of the participating cohorts. The Supplementary Figures S2a-i and S3a-i include the cohort-specific 
lambda-corrected Manhattan and quantile-quantile plots.
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The Manhattan plot in Figure 1a displays the genome-wide association results, with a region on chromosome 
16 passing the significance threshold of P < 5*10-8, and other suggestive signals on chromosomes 6, 10 
and 14. Table 2 includes the association results and details on the top 8 independent SNPs. The top 100 
SNPs in the discovery samples are shown in Supplementary Table S3. Regional association plots and forest 
plots of the top SNPs are shown in Supplementary Figures S4a-l, Figure 1b, and Supplementary Figures 
S5a-k.

FIGURE 1 | Results of the meta-analysis for the discovery sample.

FIGURE 1A | The Manhattan plot of the meta-analysis results for the discovery sample. In the Manhattan plot, the y-axis 
shows the strength of association (-log10(P)) and the x-axis indicates the chromosomal position. The blue line indicates 
suggestive significance level (P < 1*10-5) while the red line indicates genome-wide significance level (P < 5*10-8).

FIGURE 1B | Forest plot of the top SNP (rs1574587) 
on Chromosome 16 in eight discovery cohorts. Note 
that rs1574587 did not meet quality control criteria in 
the BLTS sample.
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On chromosome 16, the genome-wide significant signals come from a set of six highly correlated SNPs (r2 > 
0.8, located within the calcium-transporting ATPase (ATP2C2) gene. The strongest predictor of age at onset 
of cannabis use is rs1574587 (yielding the lowest p-value, P = 4.07*10-9). This SNP has a MAF ranging from 
0.105 to 0.185 across the discovery samples (in line with MAFs reported for European ancestry populations 
according to Ensemble), and an imputation quality ≥ 0.89 (see Supplementary Table S4 for more details 
on this SNP).

The I2 statistic for the top SNP was 32.6% (χ2(7)=10.39, P=0.17), indicating that there is no evidence 
of between-cohort heterogeneity in the observed effect. Given the size of the input samples, the I2 
statistic is sufficiently powerful to detect heterogeneity due to systematic differences among the studies. 
Furthermore, the top SNP showed the same direction of the effect in all but one of the discovery cohorts. 
The 95% confidence intervals for the effect allele include the meta-analytic estimate (and exclude zero in 
four samples), as illustrated in Figure 1b. In the independent replication samples, none of the 8 tested 
SNPs replicated (see Table 2 for details). Note, however, the top SNP remained significant in the combined 
discovery and replication meta-analysis (P = 8.7*10-9)

Gene-based tests of association

Figure 2 provides an overview of the gene-based results. The quantile-quantile plot (Supplementary Figure 
S6) shows that the bulk of the test statistic distribution follows the expectation under the null hypothesis, 
and that several genomic regions are enriched for small p-values. Note that coding genic regions, rather 
than noncoding regions, were enriched for SNPs that yielded strong association signals in the single variant 
analysis (see Supplementary Figure S6).

As indicated by the Manhattan plot (Figure 2a), three genes reached the FDR threshold of 0.05 in the 
gene-based tests of association: the epithelial cell-transforming sequence 2 oncogene-like (ECT2L) on 
chromosome 6; the calcium-transporting ATPase (ATP2C2) gene on chromosome 16; and the DNA repair 
protein RAD51 homolog 2 (RAD51B) gene on chromosome 14 (see Table 3). We refer to Supplementary 
Table S5 for the top 100 genes identified in the discovery meta-analysis and to Figures 2b-d for zoom plots 
of the three significant genes. 
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FIGURE 2 | Results of the gene-based tests.

FIGURE 2A | Manhattan plot for the gene-based tests.

FIGURE 2B | Regional plots around ECT2L



Genome-wide survival meta-analysis of age at first cannabis use   |   103

8

FIGURE 2C | Regional plots around ATP2C2

FIGURE 2D | Regional plots around RAD51B
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The strongest association was with ECT2L (P=6.59*10-8) on chromosome 6. ECT2L is a protein coding gene 
located on chromosome 6q24.1, flanked by FLJ4696 and ABRACL (Figure 2b). The top associated SNP 
harboured by the ECT2L gene is rs7773177 (P=8.492*10-6). 

The second gene-based association was ATP2C2 (P=1.54*10-6) on chromosome 16. Located at 16q24.1 
(Figure 2c), ATP2C2 is in the vicinity of KCNG4 and COTL1. Note that ATP2C2 was also identified in the SNP-
based analysis; the top SNP rs1574587 is located within this gene. 

The third significant gene-based association was RAD51B (P=5.22*10-6) on chromosome 14. RAD51B is a 
protein coding gene on 14q24.1. As displayed in Figure 2d, RAD51B is a large gene (910,440 bases) that 
harbours several SNPs in low LD (r2<0.2). The top SNP within the gene is rs17193049 (P = 3.97*10-5). Table 
3 includes descriptive information on the top associated genes along with their functions according to the 
Gene Ontology (GO) annotations64, 65. 

The top three genes associated with age at first cannabis use in the discovery sample did not reach significance 
in the meta-analysis of the three replication samples (see Table 3) (ECT2L – nominal P=7.97*10-1, FRD 
P=1.00; ATP2C2 - nominal P=1.58*10-1, FRD P=1.00; RAD51B - nominal P=8.15*10-1, FDR P=1.00). 

SNP-based heritability analyses

The selected SNPs did not significantly contribute to the variance in age at first cannabis use according to 
the density estimation method (h2=0.03; p=0.069) or the LD score regression analysis (h2=0.02; p=.21).  

Polygenic risk score (PRS) analysis

The combined effects of 366,351 SNPs did not explain a significant amount of variance in age at first use in 
an independent sample (N=2082). All PRS based on different selection thresholds yielded p-values >0.09. 

Discussion

To our knowledge, this is the largest biometrical and molecular genetic study to date investigating the 
impact of genetic factors on age at first cannabis use. The biometric twin analysis of 8,264 twin pairs showed 
that genetic factors account for about 38% of the variance in age at first cannabis use (95% CI 19-60). The 
discovery genome-wide meta-analysis identified significant associations with five highly correlated SNPs 
within the calcium-transporting ATPase gene (ATP2C2) on chromosome 16. The strongest association was 
observed for the intronic variant rs1574587. The gene-based tests provided further evidence linking ATP2C2 
to age at first cannabis use, along with two additional genes: the epithelial cell-transforming sequence 2 
oncogene-like (ECT2L), and the DNA repair protein RAD51 homolog 2 (RAD51B), located on chromosomes 6 
and 14, respectively. The smaller independent replication sample, however, did not replicate the discovery 
findings, likely due to insufficient power. Nonetheless, independent replications of these associations in 
larger samples are required.
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Our top association, the ATP2C2 gene, is expressed in the brain66 and is involved in calcium homeostasis67, 
which in turn regulates synaptic plasticity, memory and learning68. Recently, ATP2C2 has also been linked 
to cocaine dependence. Gelernter et al.69 found that the highest ranked gene networks significantly 
associated with cocaine dependence include ATP2C2 along with ATPase, Ca2+ -transporting, and the plasma 
membrane gene (ATP2B2). Noteworthy is that calcium signalling pathways have also been implicated in 
opioid dependence70. These findings are consistent with the observed associations between early onset of 
cannabis use and experimentation with other drugs27, and progression to escalated use/dependence28. 
In other words, it is plausible that some of the same genetic factors increase both the probability of early 
initiation of substance use and progression to substance use disorders as discussed in the literature (see 
71-73). Taken together, these analyses suggest that the effects of ATP2C2 are likely to be general rather than 
substance specific. 

The ECT2L (6q24.1) yielded the strongest association signal in the gene-based analysis. This gene is 
involved in positive regulation of GTPase activity, i.e., the activity of heterotrimeric guanine nucleotide 
binding proteins (G proteins) that are crucial to signal transduction across the cell membrane. Rat and 
in vitro addiction models hinted at the role disruptions in G proteins signaling play in the aetiology of 
cocaine, alcohol and heroin dependence74, 75. Our results provide support for this hypothesis (assuming 
the same genetic factors influence both the probability to experiment and to develop dependence/abuse 
other drugs). 

The gene-based tests also identified the RAD51B gene on 14q24.1. RAD51B (also known as RAD51L1) belongs 
to the RAD51 paralogue family involved in double-strand break repair via homologous recombination, DNA 
and ATP binding. This gene has been proposed as a candidate for nicotine dependence76. The association 
between early initiation of cannabis use and the risk for nicotine dependence is well-documented in the 
literature, and is likely attributable to shared genetic factors (rather than being causal in nature, see 22). Our 
meta-analysis pinpoints a plausible candidate gene that may aid to the identification of genetic factors 
underlying the observed association. 

Our SNP-based heritability analysis indicated that about 3% of the variance in age at first cannabis use 
is attributable to the SNPs currently measured in the GWAS array (p>0.069). In addition, the polygenic 
risk score based on a small selection of genotyped SNPs present in at least 7 cohorts provided only weak 
evidence of association with age at first use of cannabis in one replication sample (p>0.09). These null 
findings suggest that common SNPs explain only a relatively small proportion of total heritability in age 
at first cannabis use. The difference between the biometric ‘family-based’ and the molecular ‘SNP-based’ 
heritability estimates suggests that a large proportion of genetic variation in age at first use of cannabis 
cannot be captured by current GWAS arrays (e.g., rare genetic variants (MAF<.05) at current sample 
sizes. Additional sources of discrepancy may be attributable to interactions between genetic loci and 
environmental factors77. Detecting such interaction effects requires larger sample sizes and measures of 
environmental exposures harmonized across cohorts.
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Strengths and limitations

Strengths. We amassed a meta-analytic sample exceeding 24,000 individuals. To our knowledge, this is the 
largest genome-wide study of age at first cannabis use to date. This meta-analytic sample located several 
loci that significantly predict age at first cannabis use. Especially the association at ATP2C2 lends further 
support to the hypothesized link between calcium signalling genes and substance use, and is consistent 
with the reported associations between early onset of cannabis use and multi-substance use as well as 
with subsequent dependence. Investigating these signals in larger replication samples is warranted and 
may yield valuable insights into the molecular bases of substance use initiation. The success of both the 
SNP- and the gene-based discovery analyses is also attributable, in part, to our survival-based method. 
We are unaware of any other similarly sized meta-analysis that has fitted this survival-based method to 
identify genetic loci associated with addiction phenotypes. This approach allowed us to exploit all available 
information in the participating samples, and to correctly take account of the censored nature of the 
observations.

Limitations. These results should be interpreted in the context of 3 potentially important methodological 
limitations. First, the replication sample was much smaller than the discovery sample (e.g., the top genome-
wide significant SNP met our quality control criteria only in one sample comprising 551 individuals). We 
conjecture that the lack of replication is due to lack of statistical power. Second, we imposed stringent 
selection criteria on the SNPs making up the polygenic score by selecting only variants present in at 
least 7 discovery samples that were genotyped in the NTR2/RADAR replication sample (i.e., we removed 
imputed SNPs). Although this strategy maximized the prediction accuracy of the PRS, the weak evidence 
of association with age at first use of cannabis in the target sample (p>0.09) might be attributable to the 
small selection of SNPs (possibly in imperfect linkage disequilibrium with the causal variants). Third, the 
mean age at initiation and the degree of censoring varied across the participating cohorts, likely due to 
differences in sample characteristics, assessment strategies, or drug policy. Yet, amid these differences, the 
top SNPs generally had an effect in the same direction across the participating samples, as shown in the 
forest plots of the top independent signals (See Figure 1b and Supplementary Figures S5). Furthermore, 
the forest plots indicate that the 95% confidence intervals around the effect for each participating cohort 
generally overlap and contain the meta-analytic effect. One might therefore reasonably assume that the 
participating samples are representative of the same population of users. Note also that there was no 
evidence of significant between-cohort heterogeneity in the estimated effects (see Supplementary Table S3 
for I2 heterogeneity statistic for the top 100 SNPs). 

Conclusion

Based on a sample of more than 24,000 individuals, to date this study is the largest meta-analysis of age 
at first cannabis use. Our SNP-based findings support the involvement of the ATP2C2 gene. The gene-
based tests also identified the ATP2C2, ECT2L and RAD51B genes as significant predictors of age at onset. 
Nonetheless, independent replication of these associations in larger samples is warranted. Our findings 
lend support to the hypothesized link between calcium signalling genes and substance use disorders. 
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Supplementary Information 1: Sample Collection

ALSPAC: Avon Longitudinal Study of Parents and Children — United Kingdom
The Avon Longitudinal Study of Parents and Children (ALSPAC) is a prospective cohort study which recruited 
14,541 pregnant women residing in Avon, United Kingdom, with expected dates of delivery between 
1 April 1991 and 31 December 1992. Of these initial pregnancies, there was a total of 14,676 fetuses, 
resulting in 14,062 live births and 13,988 children who were alive at 1 year of age. Full details of study 
recruitment and methodology have been published previously. Detailed information on the mothers and 
their children has been collected from self-report questionnaires and attendance at clinics. Please note that 
the study website contains details of all the data that is available through a fully searchable data dictionary 
(http://www.bris.ac.uk/alspac/researchers/data-access/data-dictionary/). Ethical approval for the study was 
obtained from the ALSPAC Ethics and Law Committee and the Local Research Ethics Committees. Data on 
cannabis use for this project was measured in the ALSPAC offspring between 17 and 20 years of age and 
limited to unrelated individuals only. The answer categories were recoded as uncensored (coded as 0, 
ever used cannabis) versus censored (coded as 1, never used cannabis during their lifetime) observations. 
Individuals were also asked about frequency of cannabis use if they answered yes to ever having used 
cannabis. Cannabis data were available for 6,230 individuals. Both genotype and lifetime cannabis use 
data were available for 6.147 individuals.

Reference

Boyd et al. (2013), Cohort profile: The ‘Children of the 90s’ - the index offspring of the Avon Longitudinal Study of Parents and 
Children. IJE, 42, 111-127.

BLTS: Brisbane Longitudinal Twin Study - Australia

Beginning in 1992, the Brisbane Longitudinal Twin Study (BLTS) consists of 3,561 individuals: 1,422 twin 
pairs and 717 additional siblings first enrolled at age 12 years and now aged 30 years and older (Gillespie, 
2013). The sample is: genetically informative (MZ and DZ twins, and often parents and siblings; genotyped 
for 610,000 common single nucleotide polymorphisms - SNPs); (b) large; (c) longitudinal with many 
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participants have been assessed at 12, 14, 16 and 21 years of age; (d) well characterized for behavioral 
and brain-related outcomes; (e) rich in biological samples; and includes (f) a subgroup [n=969] who have 
undergone MRI scanning. As part of an ongoing US NIH/NIDA funded project beginning 2009, measures 
of lifetime cannabis use, abuse and dependence data are collected, along with diagnostic data for nicotine, 
alcohol, and other illicit substances, as well as pilot epidemiological data for ecstasy and methamphetamine 
use. The average age at interview is 25.65 yrs (SD=3.65, range=18-38yrs). Lifetime cannabis use was 
assessed by asking twins, “In your life, have you ever used cannabis (marijuana, pot, grass or hash)?”. The 
answer categories were recoded as uncensored (coded as 0, if one ever used cannabis) versus censored 
(coded as 1, if one never used cannabis during the lifetime) observations.  Age at initiation was assessed by 
the question “At what age did you first use cannabis?”. The entire BLTS sample and 1,549 of their parents 
have GWAS data (Illumina 610k chip) (Medland et al., 2009) imputed on the GRCh37 assembly. The final 
sample included 721 individuals (314 males and 407 females) with both genotypic and age at cannabis 
initiation data.

References

Gillespie, N.A., A.K. Henders, T.A. Davenport, D.F. Hermens, M.J. Wright, N.G. Martin, and I.B. Hickie, The Brisbane Longitudinal Twin 
Study: Pathways to Cannabis Use, Abuse, and Dependence project-current status, preliminary results, and future directions. 
Twin Res Hum Genet, 2013. 16(1): p. 21-33. PMC3805122

Medland SE, Nyholt DR, Painter JN, McEvoy BP, McRae AF, Zhu G et al. Common variants in the trichohyalin gene are associated with 
straight hair in Europeans. Am J Hum Genet 2009; 85(5): 750-755.  

CADD: Center on Antisocial Drug Dependence

Data on cannabis use and DNAs were collected as part of two longitudinal centers based in Colorado 
and California, the Center on Antisocial Drug Dependence (CADD) and the Genetics of Antisocial Drug 
Dependence (GADD). Subjects from the centers included both clinical and community samples with up to 
three waves of data collection at approximately 5 year intervals. The original set of unrelated subjects from 
Derringer (2015) was augmented with additional family members. For these analyses, genotypes were 
available from 1806 individuals who were over-selected for adolescent behavioral disinhibition. 35.5% of 
the sample were females, and the mean age was 23.65 (4.36) years, with a range from 13-38 years. Lifetime 
cannabis use data were collected using a supplemental questionnaire appended to the CIDI-SAM, which 
asked participants to self report “Have you ever used________ ?” (yes/no) for each of 14 substances (plus 
“other”), including cannabis. 81.9% of respondents reported ever using cannabis. If participants answered 
in the affirmative, they were asked to respond to questions about age at first use, age at regular use, typical 
pattern of use, and days used within the past six months; otherwise, participants were instructed to skip 
to questions about the next substance. If subjects had been assessed on more than one occasion, age of 
initiation was taken from the assessment when they first reported cannabis use. Genotyping was conducted 
using the Affymetrix 6 platform. Samples were excluded if their call rate was less than 95%, if they were one 
of 18 samples from the oldest cohort (as this was too few to be used as a reference cohort), of if they did 
not have phenotype data. After these exclusions, 541445 SNPs passed initial genotyping QC that  removed 
SNPs with MAF <1%, or call rate <99%, or p(HWE) < 1.00 x 10-6. Genotype calling used GeneChip Targeted 
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Genotyping Analysis Software. Imputation to the 1000 genome, phase 1, release March 2012, and used 
Minimac software via https://imputationserver.sph.umich.edu/index.html

Reference

Derringer J, Corley RP, Haberstick BC, Young SE, Demmitt BA, Howrigan DP, Kirkpatrick RM, Iacono WG, McGue M, Keller MC, Brown S, 
Tapert S, Hopfer CJ, Stallings MC, Crowley TJ, Rhee SH, Krauter K, Hewitt JK, McQueen MB.(2015). Genome-Wide Association 
Study of Behavioral Disinhibition in a Selected Adolescent Sample. Behav Genet. 2015 Jul;45(4):375-81. doi: 10.1007/
s10519-015-9705-y. PubMed PMID: 25637581; PubMed Central PMCID: PMC4459903.

FinnTwin: Finnish Twin Cohort (FinnTwin12 & FinnTwin16) - Finland

In FinnTwin12 (FT12), data on lifetime cannabis use were collected as part of a longitudinal study targeting 
all Finnish twin pairs born in 1983-1987 (Kaprio, Pulkkinen, Rose 2002). Four waves of data collection 
have been completed (at ages 12, 14, 17.5, and in early adulthood age range 21-25) (Kaprio, 2013). In 
wave 4, using a SSAGA interview we asked whether participants ever experimented with cannabis (no, 
yes) and if yes, at what age they first experimented with cannabis. They were also asked how many times 
they have used cannabis. Cannabis abuse and dependence were also assessed. Lifetime cannabis use data 
were available for 1346 FT12 subjects (25.3% (N=341) ever users). Both genotype and cannabis data 
were available for 929 FT12 subjects (26.6% (N=247) ever users). The mean age of cannabis use initiation 
among ever users was 17.8 (SD 2.2).

In FinnTwin16 (FT16), data on lifetime cannabis use were collected as part of a longitudinal study targeting 
all Finnish twin pairs born in 1975-1979 (Kaprio, Pulkkinen, Rose, 2002). Five waves of data collection have 
been completed (at ages 16, 17, 18.5, mean age 24, and mean age 34).  In wave 4 we conducted SSAGA 
interviews from a subsample. In the SSAGA interview we asked whether participants ever experimented 
with cannabis (no, yes) and if yes, at what age they first experimented with cannabis. They were also asked 
how many times they have used cannabis. Cannabis abuse and dependence were also assessed. Lifetime 
cannabis use data were available for 602 FT16 subjects (34.2% (N=206) ever users).  Both genotype and 
cannabis data were available for 100 FT16 subjects (36.0% (N=36) ever users). The mean age of cannabis 
use initiation among ever users was 19.9 (SD 3.0). 

FinnTwin12 and FinnTwin16 samples were analyzed together. The answer categories were recoded as 
uncensored (coded as 0, if one ever used cannabis) versus censored (coded as 1, if one never used cannabis 
during the lifetime) observations. Both genotype and cannabis use data were available for altogether 1029 
subjects (27.5% (N=283) ever users). The mean age of cannabis use initiation among ever users was 18.0 
(SD 2.5).
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HUVH: Hospital Universitari Vall d’Hebron – Barcelona - Spain

Data on lifetime cannabis use were collected as part of a GWAS study of persistent ADHD. Recruitment 
of participants was performed between 2004 and 2011 at the Department of Psychiatry of the Hospital 
Universitari Vall d’Hebron, Barcelona, Spain. Genotypes were available from 1039 unrelated Caucasian 
individuals. Age at initiation of lifetime cannabis use data was collected from 581 of them) and assessed by 
the Structured Clinical Interview for DSM-IV Axis I and Axis II Disorders (SCID-I and SCID-II). The average age 
at assessment was 28.7 years (SD = 12.5), 71% of participants were males. The study was approved by the 
ethics committee of the institution and informed consent was obtained from all subjects. 
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Neuropsychopharmacology. 2015 Mar;40(4):915-26. doi: 10.1038/npp.2014.267. 
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NTR1 and NTR2: Netherlands Twin Register — The Netherlands

Data on lifetime cannabis use were collected as part of a longitudinal study on health, personality and 
lifestyle in adolescent and adult twins and their relatives (i.e., their non-twin siblings, parents, spouses 
and children). Ten waves of data collection have been completed (in 1991, 1993, 1995, 1997, 2000, 2002, 
2004 and 2009-2010, 2011-2012, and 2013-3014). Questions on cannabis use were administered 5 
times: in 1993 (wave 2), 1995 (wave 3), , 2000 (wave 5), 2009-2010 (wave 8), and 2013-2014 (wave 10). 
In wave 2, 3,  and 5 the participants were asked at what age they had experimented with cannabis for the 
first time and at what age they had regularly used cannabis. The answer categories were: 1=never, 2=11 
years or younger, 3=12 years, 4=13 years, 5=14 years, 6=15 years, 7=16 years, 8=17 years, 9=18 years 
or older in wave 2 and 3, and 1=11 years or younger, 2=12-13 years, 3=14-15 years, 4=16-17 years, 
5=18 years or older and never in wave 5. In wave 8 and 10 participants were asked whether they had ever 
experimented with cannabis (no, yes) and if yes, at what age they started. They were also asked whether 
they had ever used cannabis on a regular basis (no, yes) and if yes, at what age. For the NTR1 sample, 
we limited the sample to data from wave 8, as in this wave age at initiation was collected based on an 
open question (see above) and wave 10 was not available yet during the discovery phase of our study. For 
NTR2 we used data from individuals that were no family members of the individuals in the NTR1 sample. 
For NTR2 we used the responses from wave 10, and when missing we also used the responses to waves 
5, 3, and 2 (in this order).The answer categories were recoded to uncensored observations (coded as 0, 
if one ever used cannabis) versus censored observations (coded as 1, if one never used cannabis). Both 
genotype and age at initiation of cannabis use data were available for 5,148 subjects for NTR1 and for 
1,740 individuals for NTR2. 
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QIMR: Queensland Institute of Medical Research Berghofer adults — Australia 

Data from Australian adults were collected in twin family studies conducted at the QIMR Berghofer Medical 
Research Institute. Data on cannabis use were obtained from: 1) a series of studies conducted collaboratively 
by Nick Martin and Andrew Heath between 2001 and 2006 (Pergadia et al., 2009; Saccone et al., 2007; 
Distel et al., 2008), and 2) a study conducted between 1996 and 2000 of 6233 twin individuals from the 
young adult cohort (born between 1964 and 1971) (see Nelson et al. 2002; Knopik et al. 2004). In both 
studies individuals participated in semi-structured telephone interviews primarily focussed at psychiatric 
disorders. The interview was an adaptation of the SSAGA (Semi-Structured Assessment for the Genetics of 
Alcoholism). As part of this interview individuals were asked whether they had ever used cannabis and at 
what age they first used cannabis (with the question: “How old were you when you first used…?”). In case 
individuals participated in both studies, data from the last assessment were included.

The genotypic data are derived from multiple waves of genotyping. DNA samples were collected in 
accordance with standard protocols and submitted to different genotype centres using different Illumina 
SNP platforms (317 single, 370 single, 370 duo, 670 quad, 610 quad) (see Medland et al., 2009). 
Phenotypic and genotypic data collections were approved by the QIMR Human Research Ethics Committee 
and informed consent was obtained from all participants.

The final sample included 6,758 individuals with both genotype and phenotype data (NB. One twin per MZ 
twin pair was deleted).
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RADAR: Research on Adolescent Development and Relationships  – The Netherlands

The RADAR study (Research on Adolescent Development and Relationships) is longitudinal research 
project in the Netherlands and focuses on the development of interpersonal relationships, personality, 
and psychopathology, in a sample of adolescents and their families that were followed from approximately 
ages 13 to 19. Currently, there are 7 waves available (collected between 2006 and 2013), but the study 
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is still ongoing. The RADAR study has a focus on delinquency development, therefore adolescents at risk 
for externalizing behavior were oversampled, which was determined by a having a T-score > 60 on the 
externalizing scale of the Teacher’s Report Form at age 12 (TRF; Achenbach, 1991; Verhulst, van der Ende, 
& Koot, 1997). In total, 497 adolescents were included in the study, of which 206 (41.45%) were at high 
risk for externalizing behavior (for more information on the sample see Creemers et al., 2015). The study 
was approved by the medical ethical committee of Utrecht University. Families received 100 Euros for 
each home visit. The data on lifetime cannabis use were collected every year as part of home assessments, 
during which research assistants visited the adolescents and their families (wave 1-7). Using self-report 
questionnaires, adolescents were asked to indicate how often they had used hash or weed in the past 12 
months. Answer categories were 0 times, 1 time, 2 times, 3 times, 4 times, 5 times, 6 times, 7 times, 8 
times, 9 times, 10 times, 11-19 times, 20-39 times, 40 times or more. Additionally, adolescents were asked 
how old they were when they had used weed or hash for the first time, but only in the last wave (wave 7). 
For the present analyses, age at onset of cannabis use was based on the response to wave 7, but if missing 
it was calculated based on all annual assessments. 

In wave 5, 416 adolescents provided genotype data. For the current study, valid genotype and phenotype 
data were available for 342 adolescents. The mean age at wave 7 was 19.5 (SD = 0.8, range =  13–22).

References
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Saguenay Youth Study

The Saguenay Youth Study (SYS) is a population-based study of adolescents and their middle-aged parents1. 
It is aimed at investigating the etiology, early stages and trans-generational trajectories of common cardio-
metabolic and brain diseases. The SYS was designed as a two-generational cohort; it includes 1,029 
adolescents and their 962 parents. The cohort was recruited via 12- to 18-year old adolescents attending 
high schools in the Saguenay Lac-Saint-Jean region of Quebec (Canada). Half of the adolescents were 
exposed prenatally to maternal cigarette smoking. The cohort is family-based (n=481 families), including 
only adolescents who have one or more siblings of similar age (i.e., 12 to 18 years) and both biological 
parents of the French-Canadian origin born in the region. The data collection occurred in two waves. Wave 
1 (2003-2012) involved the recruitment and complete assessment of all 1,028 adolescents, as well as a 
partial (‘soft’) assessment of 962 parents. Wave 2 (2012-2015) involved the complete assessment of a 
subset of the parents (n=664). In Wave 2, parents answered a series of questions about their drug use; 
this questionnaire was based on the European School Survey Project on Alcohol and Other Drugs (http://
www.espad.org/). The GWAS was based on answering (Yes/No) the following question: “Have you ever used 
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marijuana (grass, pot) or hashish (hash, hash oil)?” with the following answer categories: 1=11 or less 2= 
12 3=13 4=14 5=15 6=16 7=17 8=18 and more 9= prefer to not answer. Of the total sample (N=551), 
262 individuals did not initiate cannabis use, 189 individuals initiated cannabis use at an age between 12 
and 17 years and 100 individuals said they did so at 18 years of later. The age at initiation for this last group 
is set on 18 years old in order to allow us to use the full sample.  

Reference

Paus T, Pausova Z, Abrahamowicz M, et al. Saguenay Youth Study: A multi-generational approach to studying virtual trajectories of the 
brain and cardio-metabolic health. Developmental cognitive neuroscience. Oct 23 2014.

TRAILS: TRacking Adolescents’ Individual Lives Survey — The Netherlands. 

Data on lifetime cannabis use were collected as part of a Dutch longitudinal study on the development of 
(mental) health in adolescence and young adulthood. Data on lifetime cannabis use were collected at the 
fourth wave, in 2008-2010, when the sample was 18-20 years old. The participants were asked if and how 
often they had used cannabis during (1) their lives, (2) the last year, and (3) the last month; and how old 
they were when they used cannabis for the first time. Both genotype and data on lifetime cannabis use and 
age at initiation were available for 1249 subjects.

Reference
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Utrecht: Utrecht Cannabis Cohort (CannabisQuest) –The Netherlands

Participants were recruited using a project website launched in 2006 targeted at Dutch young adults and 
adolescents from 18 to 25 years (www.cannabisquest.nl) (Schubart et al., 2010). Strategies to generate traffic 
on the project website included collaboration with over a hundred colleges, universities, and youth centres, 
as well as the use of online commercial advertisement products (i.e. banners and text links) (Schubart et al., 
2010). The chance to win an Apple iPodTM or a Nintendo WiiTM was used as an incentive. Double entries were 
prevented by exclusion of subjects with an identical e-mail address, surname, and date of birth. Anonymous 
submission of data was not possible. The online assessment included verification questions to protect 
against random answers, and participants failing to correctly complete the verification questions were 
subsequently excluded. From the online data (N = 17,698), 1259 participants were included for subsequent 
genetic assessment in two waves. First, in order to increase power for gene × environment interactions 
(Boks et al., 2007), we prioritized a sample of 719 participants who belonged to the top or bottom quintile 
of total scores of psychotic experiences as measured by the Community Assessment of Psychic Experiences 
(CAPE) score (see below) that were either cannabis naïve (i.e. a lifetime cannabis exposure frequency less 
than 6 times) or were heavy cannabis users (i.e. current expenditure for personal cannabis use exceeded 3€ 
weekly). Second, an unselected sample of 540 individuals was included. As ascertained with the validated 
Dutch version of either the Structured Clinical Interview (SCID) (First et al., 1997) or the MINI International 
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Neuropsychiatric Interview (Sheehan et al., 1998), healthy controls had no history of any psychotic disorder. 
The possible concomitant use of recreational drugs was assessed with the substance abuse module of the 
Composite International Diagnostic Interview (Compton, 1993). Participants provided a urine sample to 
screen for the presence of recreational drugs in order to verify recent self-reported cannabis use. The study 
was approved by the Ethical Review Board of the University Medical Center Utrecht and all participants 
gave written informed consent. For a total of 1173 participants data on age at initiation of cannabis use and 
genotypes were available. 
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Yale Penn EA: Genetics of Substance Dependence - United States

Our sample included a total of 2,379 European American (EA) subjects from a cohort of small nuclear 
families and unrelated individuals originally collected to study the genetics of drug (opioid or cocaine) 
or alcohol dependence (Gelernter et al., 2014). Subjects gave written informed consent as approved by 
the institutional review board at each site, and certificates of confidentiality were obtained from NIDA 
and NIAAA. Yale/Penn subjects were administered the Semi-Structured Assessment for Drug Dependence 
and Alcoholism (SSADDA) (Pierucci-Lagha et al, 2005) to derive DSM-V diagnoses of lifetime cannabis 
dependence and other major psychiatric traits. Lifetime  cannabis use was assessed by the following 
question: “Have you ever used marijuana to feel good or high, or to feel more active or alert.” Age at first 
use, as well as a measure of frequency of during the period in the subject’s life in which they used the drug 
most heavily, was also assessed. A total of 2.188 subjects for which both age at initiation of cannabis use 
and genotypes were available were used in this study.
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Supplementary Information 2: Analysis Plan

Analysis plan for the second round of GWAS on cannabis use phenotypes

This document provides the instructions for the data preparation and genome-wide analysis of age at first 
cannabis use phenotype in each of the participating cohorts. 

Standardisation of the procedures is very important as it will increase the precision of the meta-analyses 
across all samples of the consortium.

Study aim:

The International Cannabis Consortium has been created to combine the results of multiple genome-
wide association studies of cannabis use:  lifetime use (Round 1), age at initiation (Round 2), regular/
frequency of use (Round 3) in meta-analyses in order to increase the probability of detection of genetic 
variants associated with individual differences in liability to cannabis use. 

Deadline 

Please upload the results of this 2nd round before: 15 September 2014

Contact details

Questions about this document can be directed to: 
Eske Derks Eske.Derks@qimrberghofer.edu.au  and 
Jacqueline Vink j.vink@bsi.ru.nl 

The working group

Dr. Jacqueline Vink  jm.vink@vu.nl (PI)
Dr. Camelia  Minica  c.c.minica@vu.nl
Dr. Karin Verweij karin.verweij@vu.nl
Prof. Dr. Eske Derks  e.m.derks@amc.uva.nl
Dr. Nathan Gillespie ngillespie@vcu.edu
Sven Stringer MSc. svenstringer@gmail.com
Dr. Hamdi Mbarek h.mbarek@vu.nl 
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A. GENERAL INSTRUCTIONS FOR PHENOTYPE CODING 

Inclusion

We propose to limit the analyses to subjects with European ancestry (based on self-report and principal 
components). Please let us know if you have a large group of individuals of non-European ancestry.

Cannabis use phenotype for the second round:

Age at cannabis initiation in total sample (survival analyses), no age restriction.

Please use age at cannabis initiation, among lifetime ever users, measured in years, to one decimal 
place. If the subject did not initiate cannabis, please use age at last survey, in years, to one decimal 
place. For those who did not initiate, if there are multiple measures/interviews please use age at last 
survey.

Please send us an overview of your sample’s characteristics in a file labelled: 

“Age_initiation_overview_genotype_phenotype_CCI_round2.xlsx” 

Email this file to Eske Derks and Jacqueline Vink. You can also upload the file together with the results (see 
page 135 for instructions).

B. GENERAL INSTRUCTIONS FOR GENOTYPE HANDLING

Pre imputation QC 

We assume that genotyping data have undergone extensive quality control. Typically, studies exclude SNPs 
from further analysis (or imputation) based on:

• Minor allele frequency <1% 
• Call rate <95% or <99%
• HWE p < 1e-4
• Known to have evidence of poor clustering on visual inspection of intensity plots

Typically, studies remove subjects that have:

• Low overall call rates (< 95%)
• Excess autosomal heterozygosity (indicating genotyping errors)
• Duplicate samples
• Unintended 1st or 2nd degree relatives in case of a sample of unrelated individuals
• Wrong gender (excessive X-chromosome homozygosity in males)
• XXY’s etc.
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Imputation

Reference set used for imputation – 1000 Genomes release March 2012. Best-guess data will be 
used for this analysis. Please filter out SNPs with poor imputation quality (r2_hat < 0.4 or proper_info < 
0.4), and check whether allele frequencies match those reported in 1000 Genomes data e.g. no flipping of 
reference allele with minor allele.

Software for imputation:

IMPUTE, MACH or other

If you plan to use another reference set for imputation, please contact Eske Derks and Jacqueline Vink to 
discuss options.

Note: more stringent filtering may be performed when we run the meta-analysis. 

Please send us an overview of your QC procedure in a file labelled: 

“Age_initiation_overview_genotype_phenotype_CCI_round2.xlsx” 

Email this file to Eske Derks and Jacqueline Vink. You can also upload the file together with the results (see 
page 135 for instructions).

Analysis should include

• All 22 autosomes
• Use only best-guess genotypes in this analysis. If best-guess are not available please contact 

Eske Derks and Jacqueline Vink  

Type of software to use: please see below.

C. ANALYSIS INSTRUCTIONS

Before proceeding, determine your sample type.

1. Does your sample comprise unrelated individuals? If yes, go to page 126:  

C.1. ANALYSIS for UNRELATED SAMPLES - PROTOCOL SURVIVAL ANALYSIS IN PLINK USING 
BEST GUESS GENOTYPES 

2. Is your sample family-based? If yes go to page 130:

C.2. ANALYSIS for FAMILY-BASED SAMPLES - PROTOCOL for SURVIVAL ANALYSIS IN PLINK 
USING BEST GUESS GENOTYPES
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C.1. ANALYSIS for UNRELATED SAMPLES - PROTOCOL SURVIVAL ANALYSIS 

IN PLINK USING BEST GUESS GENOTYPES

This documentation is based on the PLINK manual. For more details please see:  http://pngu.mgh.harvard.
edu/~purcell/plink/rfunc.shtml
Below are the instructions for running survival analysis in PLINK using the R-plugin. This does not work in 
Windows! Please use Linux.

Install the Rserve package

Rserve is a (local) server that allows PLINK to communicate with R. To install Rserve, simply type at the R 
command prompt (not the system shell prompt):

install.packages("Rserve")

HINT For this to work, R must have been configured with --enable-R-shlib.

In order to run the R-based PLINK plug-in, Rserve must be running in the background before invoking the 
PLINK command. To run Rserve in the background, simply type at the system shell prompt:

R CMD Rserve

Note: This command might not work if you do not have sufficient permissions for installing Rserve. If you 
do not have sufficient permissions, provide the full path where Rserve is located (see below). Simply adapt 
the highlighted grey part by the path where the R libraries are installed on your system. If you have several 
R versions installed, make sure you use the version in which Rserve is installed.

R CMD ~/rpackages/Rserve/libs/Rserve --no-save --slave 

HINT ~/rpackages points to the directory where R packages such as Rserve are installed on your system. 

If the analyses are performed on a server or cluster use the following command in your Bash script before 
running the R CMD command above:

export R_LIBS=~/rpackages:$R_LIBS

HINT ~/rpackages points to the location of the R packages on your system.

If you do not know where R installs packages on your system, identify the default R package installation 
path by typing at the R command prompt (note the dot at the beginning of the command):

.libPaths()[1] 

An alternative way to start Rserve that may or may not work, also depending on permissions, is to type at 
the at the R command prompt:

library(Rserve) 
Rserve()

http://pngu.mgh.harvard.edu/~purcell/plink/rfunc.shtml
http://pngu.mgh.harvard.edu/~purcell/plink/rfunc.shtml
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HINT Rserve requires   R-1.5.0  or higher installed on your system. You could find more details about 
installing Rserve here http://www.rforge.net/Rserve/doc.html#inst and documentation here http://www.
rforge.net/Rserve/doc.html.  Contact Eske Derks and Jacqueline Vink if you cannot get Rserve to work.

Install the Survival Package

To install the survival package installed on your system type at the R command prompt (not the system 
shell prompt):

install.packages("survival")

If the analyses are performed on a server use this command to provide the location of the R packages:

export R_LIBS=~/rpackages:$R_LIBS

Prepare the Input Files

The Input files should be in the format required by Plink:.bed, .bim, .fam files

e.g. SURVIVAL.bed, SURVIVAL.bim, SURVIVAL.fam

The SURVIVAL.fam file contains 6 columns, with the phenotype – age at initiation – as the sixth variable.

FID    IID    PAT    MAT    SEX    AGE_INITIATION

AGE_INITIATION is the age at which the subject initiated cannabis use, in years, to one decimal place. If 
the subject did not initiate cannabis use, then AGE_INITIATION is the age at the time of survey, in 
years, to one decimal place.  If there are multiple interviews/waves, AND if subjects did not initiate, then 
please use age at the last survey.

The covariate file should be saved as covarSURVIVAL and should contain the following columns:

FID    IID   CENSOR  SEX    BIRTH_COHORT     PC1      PC2       PC3       PC4    etc*    *    

NOTE CENSOR is coded as either 0 = not censored, or 1 = censored. CENSOR is the 1st covariate, 
and is the 3rd column of covarSURVIVAL. Subjects who initiated cannabis are coded as 0 = 
not censored, whereas subjects who did not initiate cannabis are coded as 1 = they are 
censored because it is unknown if, and when they will initiate.

SEX is coded as 1=male, 2=female. SEX is the 2nd covariate and is the 4th column of covarSURVIVAL.

BIRTH_COHORT corrects for cohort effects. BIRTH_COHORT is the 3rd covariate and is the 5th 
column of covarSURVIVAL.

Please recode year of birth in groups spanning 20 year-periods and make a dummy variable for 
each of the cohorts except the reference group. Use the lowest birth cohort as the reference group.

So for example: If the birth range in your cohort is 1940 to 1992, please make 3 birthcohorts, 

http://www.rforge.net/Rserve/doc.html
http://www.rforge.net/Rserve/doc.html
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namely 1940-1959, 1960-1979 and 1980-2000. The lowest birth cohort (1940-1959) will be the 
reference group, so we need two dummy variables: 

BirthCohortDummyA is ‘1’ if the subject is born in 1960-1979 and ‘0’ otherwise.

BirthCohortDummyB is ‘1’ if the subject is born in 1980-2000 and ‘0’ otherwise.

Include the dummy variables as covariates in the GWA analyses.

Information about dummy coding if you will use Plink can be found here:

http://pngu.mgh.harvard.edu/~purcell/plink/dataman.shtml#wrtcov

Please note that if your reference category only contains a small number of subjects this can cause 
problems with your GWA results.

Population structure (PC1, PC2, PC3, PC4). Please use the first four principal components to 
correct for population structure in your sample. If necessary add study-specific covariates such as 
study site or batch effects 

Other covariates can be included in the file (e.g., to correct for batch effects etc). In this case, the 
Rscript (below) should be modified accordingly.

Code all missing values as -9

The R script 

R script for analyzing UNRELATEDS 

Save the following R script as myscript.R:                                                 

## start Rscript
library(survival)
     Rplink <- function(PHENO,GENO,CLUSTER,COVAR)
     {
      f1 <- function(s) 
      {
        m <- summary( coxph( Surv( PHENO , COVAR[,1] ) ~ s  + COVAR[,2] + COVAR[,3] + COVAR[,4] + 
COVAR[,5] + COVAR[,6] + COVAR[,7], na.action=na.omit))
        r <- c(m$coef[1,1] , m$coef[1,3], m$coef[1,5])
        c( length(r) , r )
      }
     apply( GENO , 2 , f1 )
     }
##end Rscript
NOTE If there are other covariates to be included in the analysis, the R script should be modified accordingly. 
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For example, if one wants to include a fifth PC, say PC5*, one will modify the R-script as shown below:
## start Rscript
library(survival)
     Rplink <- function(PHENO,GENO,CLUSTER,COVAR)
     {
      f1 <- function(s) 
      {
          m <- summary( coxph( Surv( PHENO , COVAR[,1] ) ~ s + COVAR[,2] + COVAR[,3] + COVAR[,4] + 
COVAR[,5] + COVAR[,6] + COVAR[,7] +  COVAR[,8], na.action=na.omit))
        r <- c(m$coef[1,1] , m$coef[1,3], m$coef[1,5])
        c( length(r) , r )
      }
     apply( GENO , 2 , f1 )
     }
##end Rscript

*The PC5 variable figures as the tenth column in the covarSURVIVAL file.

NOTE that as the COVAR variable above starts counting from the CENSOR variable in the covarSURVIVAL file, 
the PC5 variable is the eight COVAR variable despite it being the tenth column in the covarSURVIVAL file 
(i.e. the FID and IID variables in covarSURVIVAL are omitted in COVAR).

FID    IID   CENSOR  SEX    BIRTH_COHORT     PC1      PC2       PC3       PC4  PC5

The PLINK commands

plink --bfile SURVIVAL --covar covarSURVIVAL --R myscript.R --noweb --maf 0.01 --hwe 0.0001 --out 
SURVIVAL_results

NOTE If known phenotype and/or sex values are missing in your binary .fam files, you can add the 
‘--update-sex’ and/or ‘--pheno’ options in conjunction with alternate phenotype and sex files to assure that 
subjects with missing phenotype or sex values are not ignored by plink (see http://pngu.mgh.harvard.
edu/~purcell/plink/data.shtml#pheno for more details). Note that although the covariate SEX will be read 
from the covariate file, non-missing values in the SEX column of the .fam file are necessary to avoid Plink 
treating these subjects as missing.

NOTE The output file contains a mix of spaces and tabs as delimiters. Please use the below command to save 
the file (& also merge the results if there are multiple results files) as a space delimited file SURVIVAL_RES: 

 awk '{print $1, $2, $3, $4, $5, $6, $7}' *.auto.R >> SURVIVAL_RES

https://webmail.login.vu.nl/owa/redir.aspx?C=QwIt_65YTEOkps3lkmsZG_Zfscao8NAINlXA33Gw8letQwoK8WH45kemhR7rwEGfdzgktxkVsdw.&URL=http%3a%2f%2fpngu.mgh.harvard.edu%2f%7epurcell%2fplink%2fdata.shtml%23pheno
https://webmail.login.vu.nl/owa/redir.aspx?C=QwIt_65YTEOkps3lkmsZG_Zfscao8NAINlXA33Gw8letQwoK8WH45kemhR7rwEGfdzgktxkVsdw.&URL=http%3a%2f%2fpngu.mgh.harvard.edu%2f%7epurcell%2fplink%2fdata.shtml%23pheno
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The SURVIVAL_RES output file has no header and should contain the following 7 columns:

 CHR      SNPID              POS        EFF_ALL        BETA                       SE               P   

 15       15:78894339   78894339         A                -0.00104309       0.0270294  0.969217 

Please add the above column names as this will facilitate creating the final result file. On page 135 is 
included a table with the columns we expect in the final result file.

NOTE Before starting the analysis please check:
- The missing values are all coded as -9.
- The CENSOR variable figures as the first covariate in the covariate file.
- If your input files and scripts were edited using Windows please use the dos2unix command to remove 
hidden Windows characters from files.
- Please check and remove from analysis any covariates that are constants.
- Please note this analysis requires best-guess genotypes (not dosages).

Please see page 135 for Instructions on the format of the result files from SURVIVAL ANALYSIS

-----------------------------------------END PROTOCOL UNRELATED INDIVIDUALS ------------------------------------------

C.2. ANALYSIS for FAMILY-BASED SAMPLES – PROTOCOL for SURVIVAL 

ANALYSIS IN PLINK USING BEST GUESS GENOTYPES

This documentation is based on the Plink manual, for more details please see:  http://pngu.mgh.harvard.
edu/~purcell/plink/rfunc.shtml.
We will do a survival analysis with PLINK using the R-plugin. Unfortunately this analysis cannot be 
performed on Windows! Please use Linux.

Install the Rserve Package

Rserve is a (local) server that allows PLINK to communicate with R. To install Rserve, simply type at the R 
command prompt (not the system shell prompt):

install.packages("Rserve")

HINT For this to work, R must have been configured with --enable-R-shlib.

In order to run the R-based PLINK plug-in, Rserve must be running in the background before invoking the 
PLINK command. To run Rserve in the background, simply type at the system shell prompt:

R CMD Rserve

NOTE This command might not work if you do not have sufficient permissions for installing Rserve. If you 
do not have sufficient permissions, provide the full path where Rserve is located (see below). Simply adapt 
the highlighted grey part by the path where the R libraries are installed on your system. If you have several 

http://pngu.mgh.harvard.edu/~purcell/plink/rfunc.shtml
http://pngu.mgh.harvard.edu/~purcell/plink/rfunc.shtml
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R versions installed, make sure you use the version in which Rserve is installed.

R CMD ~/rpackages/Rserve/libs/Rserve --no-save --slave 

HINT ~/rpackages points to the directory where R packages such as Rserve are installed on your system. 

If the analyses are performed on a server or cluster use the following command in your Bash script before 
running the R CMD command above:

export R_LIBS=~/rpackages:$R_LIBS

HINT ~/rpackages points to the location of the R packages on your system.

If you do not know where R installs packages on your system, identify the default R package installation 
path by typing at the R command prompt (note the dot at the beginning of the command):

.libPaths()[1] 

An alternative way to start Rserve that may or may not work, also depending on permissions, is to type at 
the at the R command prompt:

library(Rserve) 
Rserve()

HINT Rserve requires   R-1.5.0  or higher installed on your system. You could find more details about 
installing Rserve here http://www.rforge.net/Rserve/doc.html#inst and documentation here http://www.
rforge.net/Rserve/doc.html.  Contact Eske Derks and Jacqueline Vink if you cannot get Rserve to work.

Install the Survival Package

To install the survival package installed on your system type at the R command prompt (not the system 
shell prompt):

install.packages("survival")

If the analyses are performed on a server use this command to provide the location of the R packages:

export R_LIBS=~/rpackages:$R_LIBS

Prepare the Input Files

The Input files should be in the format required by Plink:.bed, .bim, .fam files

e.g. SURVIVAL.bed, SURVIVAL.bim, SURVIVAL.fam

The SURVIVAL.fam file contains 6 columns, with the phenotype – age at initiation – as the sixth variable.

FID    IID    PAT    MAT    SEX    AGE_INITIATION

http://www.rforge.net/Rserve/doc.html
http://www.rforge.net/Rserve/doc.html
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AGE_INITIATION is the age at which the subject initiated cannabis use, in years, to one decimal place. If 
the subject did not initiate cannabis use, then AGE_INITIATION is the age at the time of survey, in 
years, to one decimal place.  If there are multiple interviews/waves, AND if subjects did not initiate, then 
please use age at the last survey.

The covariate file should be saved as covarSURVIVAL and should contain the following columns:

FID    IID   CENSOR  SEX   BIRTH_COHORT     PC1      PC2       PC3       PC4    etc*    *    

NOTE CENSOR is coded as either 0 = not censored, or 1 = censored. 

CENSOR is the 1st covariate, and is the 3rd column of covarSURVIVAL. Subjects who initiated 
cannabis are coded as 0 = not censored, whereas subjects who did not initiate cannabis are 
coded as 1 = they are censored because it is unknown if, and when they will initiate.

SEX is coded as 1=male, 2=female. SEX is the 2nd covariate and is the 4th column of covarSURVIVAL.

BIRTH_COHORT corrects for cohort effects. BIRTH_COHORT is the 3rd covariate and is the 5th 
column of covarSURVIVAL.

Please recode year of birth in groups spanning 20 year-periods and make a dummy variable for 
each of the cohorts except the reference group. Use the lowest birth cohort as the reference group.

So for example: If the birth range in your cohort is 1940 to 1992, please make 3 birthcohorts, 
namely 1940-1959, 1960-1979 and 1980-2000. The lowest birth cohort (1940-1959) will be the 
reference group, so we need two dummy variables: 

BirthCohortDummyA is ‘1’ if the subject is born in 1960-1979 and ‘0’ otherwise.

BirthCohortDummyB is ‘1’ if the subject is born in 1980-2000 and ‘0’ otherwise.

Include the dummy variables as covariates in the GWA analyses.

Information about dummy coding if you will use Plink can be found here:

http://pngu.mgh.harvard.edu/~purcell/plink/dataman.shtml#wrtcov

Please note that if your reference category only contains a small number of subjects this can cause 
problems with your GWA results.

Population structure (PC1, PC2, PC3, PC4). Please use the first four principal components to 
correct for population structure in your sample. If necessary add study-specific covariates such as 
study site or batch effects 

Other covariates can be included in the file (e.g., to correct for batch effects etc). In this case, the 
Rscript (below) should be modified accordingly.

Code all missing values as -9
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The R script 

R script for analyzing family data

Save the following R script as myscript.R:                                                 

## start Rscript
library(survival)
     Rplink <- function(PHENO,GENO,CLUSTER,COVAR)
     {
      f1 <- function(s) 
      {
        m <- summary( coxph( Surv( PHENO , COVAR[,1] ) ~ s  + COVAR[,2] + COVAR[,3] + COVAR[,4] + 
COVAR[,5] + COVAR[,6] + COVAR[,7] + cluster(CLUSTER), na.action=na.omit))
        r <- c(m$coef[1,1] , m$coef[1,4], m$coef[1,6])
        c( length(r) , r )
      }
     apply( GENO , 2 , f1 )
     }
## end Rscript

NOTE If there are other covariates to be included in the analysis, the R script should be modified 
accordingly. For example, if one wants to include a fifth PC, say PC5*, one will modify the R-script as shown 
below:

## start Rscript
library(survival)
     Rplink <- function(PHENO,GENO,CLUSTER,COVAR)
     {
      f1 <- function(s) 
      {
          m <- summary( coxph( Surv( PHENO , COVAR[,1] ) ~ s + COVAR[,2] + COVAR[,3] + COVAR[,4] + 
COVAR[,5] + COVAR[,6] + COVAR[,7] +  COVAR[,8] + cluster(CLUSTER), na.action=na.omit))
        r <- c(m$coef[1,1] , m$coef[1,4], m$coef[1,6])
        c( length(r) , r )
      }
     apply( GENO , 2 , f1 )
     }
## end Rscript

*The PC5 variable figures as the tenth column in the covarSURVIVAL file.

NOTE The COVAR variable above starts counting from the CENSOR variable in the covarSURVIVAL file, 
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the PC5 variable is the eight COVAR variable despite it being the tenth column in the covarSURVIVAL file 
(i.e. the FID and IID variables in covarSURVIVAL are omitted in COVAR)).

FID    IID   CENSOR  SEX    BIRTH_COHORT     PC1      PC2       PC3       PC4  PC5

The PLINK commands

plink --bfile SURVIVAL --covar covarSURVIVAL --family --R myscript.R --noweb --maf 0.01 --hwe 0.0001 --out 
SURVIVAL_results

HINT If known phenotype and/or sex values are missing in your binary .fam files, you can add the ‘--update-
sex’ and/or ‘--pheno’ options in conjunction with alternate phenotype and sex files to assure that subjects 
with missing phenotype or sex values are not ignored by plink 

See http://pngu.mgh.harvard.edu/~purcell/plink/data.shtml#pheno for more details. 

Although the covariate SEX will be read from the covariate file, non-missing values in the SEX column of the 
.fam file are necessary to avoid plink treating these subjects as missing.

NOTE The output file contains a mix of spaces and tabs as delimiters. Please use the below command to save 
the file (& also merge the results if there are multiple results files) as a space delimited file SURVIVAL_RES: 

awk '{print $1, $2, $3, $4, $5, $6, $7}' *.auto.R >> SURVIVAL_RES

The SURVIVAL_RES output file has no header and should contain the following 7 columns:

CHR      SNPID              POS        EFF_ALL        BETA                      SE               P   

 15      15:78894339   78894339         A                -0.00104309       0.0270294  0.969217 

Please add the above column names as this will facilitate creating the final result file. On the next page 
follows a table with the columns we expect in the final result file.

NOTE Before starting the analysis please check:
- The missing values are all coded as -9.
- The CENSOR variable figures as the first covariate in the covariate file.
- If your input files and scripts were edited using Windows please use the dos2unix command to remove 
hidden Windows characters from files.
- Please check and remove from analysis any covariates that are constants.
- Please note this analysis requires best-guess genotypes (not dosages).

------ -----------------------------------END PROTOCOL FAMILY-BASED SAMPLES -------------------------------------------

https://webmail.login.vu.nl/owa/redir.aspx?C=QwIt_65YTEOkps3lkmsZG_Zfscao8NAINlXA33Gw8letQwoK8WH45kemhR7rwEGfdzgktxkVsdw.&URL=http%3a%2f%2fpngu.mgh.harvard.edu%2f%7epurcell%2fplink%2fdata.shtml%23pheno
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D. INTRUCTIONS ON THE FORMAT OF THE RESULT FILES FROM SURVIVAL 

ANALYSIS 

Data format - Please strictly adhere to the data format as specified in the table below! 

• Please save your file with results as plain space-delimited text file.
• Missing values should be coded as -999
• Please provide the variable names in the first row of the file. Please use the exact same phrasing.
• Please keep the order of the variables as requested above. 

Header line: SNPID CHR POS EFF_ALL NONEFF_ALL STRAND BETA SE P AF_COD MAF HWE IMP INFO INFO_
TYPE SAMPLE_SIZE

The output file should contain the following columns
Column: Variable Name: Description: Type/Format

1 SNPID CHR_BP name if 1000G was used for imputation STRING
2 CHR Chromosome NUMERIC, no decimals
3 POS Position NUMERIC, no decimals
4 EFF_ALL Effect or Coded allele, for which the linear regression effect is 

reported (A/T/G/C).   (EFF_ALL in the SURVIVAL_RES file, see 
column names given in the instructions)

STRING

5 NONEFF_ALL Non-effect or Non-coded allele (A/T/G/C). STRING
6 STRAND Strand, on which the alleles are reported (‘+’/ ‘-‘). After imputation, 

this is typically the + strand.
STRING

7 BETA BETA  (from SURVIVAL_RES, see column names given in the 
instructions)

NUMERIC, 4 decimals

8 SE  Standard error (SE from SURVIVAL_RES, see column names 
given in the instructions)

NUMERIC, 4 decimals

9 P P-value (P from SURVIVAL_RES, see column names given in the 
instructions)

NUMERIC, scientific notation, e.g. 
1.02E-06

10 AF_COD Allele Frequency, of the coded allele specified in column 4. NUMERIC, 4 decimals
11 MAF Minor Allele Frequency 

computed as MIN(AF_COD,1-AF_COD)
NUMERIC, 4 decimals

12 HWE HWE p-value NUMERIC, scientific notation, e.g. 
1.02E-03

13 IMP Whether a SNP was observed (=0) or imputed (=1) NUMERIC, no decimals

14 INFO Imputation quality for imputed SNPs, set to 1 if the SNP was 
directly genotyped. Report R2hat or proper_info depending
 on software used. 

NUMERIC, no decimals

15 INFO_TYPE Measure used to report imputation quality:
 0=R2hat, 
1=proper_info, 
2=info from PLINK

NUMERIC, no decimals

16 SAMPLE_SIZE Sample size (number of individuals with genotype (imputed or direct) 
and phenotype data. Note that this can differ per SNP)

NUMERIC, no decimals
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The following naming scheme for the files with your association results is preferred:

STUDY.PHENOTYPE.DATE.txt

Where:

STUDY is a short identifier for the cohort studied
PHENOTYPE is ‘AGE_AT_INITIATION’,
DATE is the date on which the file was prepared, in the format DDMMYYYY

Please create your own folder in the ROUND2_Results_GWACannabis_Ageatinitiation_survival 
subdirectory named:

STUDY.PHENOTYPE.DATE that includes: 

1. STUDY.PHENOTYPE.DATE.txt 
2. The survival analysis .log file 
3. The Plink & R-script used for the analysis
4. Age_initiation_overview_genotype_phenotype_CCI_round2.xlsx

At LINUX command line, we suggest the following checks before uploading any files:

wc -l STUDY.PHENOTYPE.DATE.txt

This should print a number > 4 million

awk 'NF!=16' STUDY.PHENOTYPE.DATE.txt

This should print nothing (all lines should have 16 columns)
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Supplementary Information 3: Heritability Study

Subjects: The sample for estimating the heritability for age at first cannabis use consisted of 8,264 twin pairs 
from three samples: NTR (N=4,007 twin pairs, Willemsen et al., 2013); QIMR (N=3,251 twin pairs, Heath 
et al., 2011; Knopik et al., 2004); and BLTS (N=1,006 twin pairs, Gillespie et al., 2013). The prevalence of 
lifetime cannabis use was 24%, 57%, and 51% in the NTR, QIMR, and BLTS samples respectively. Among 
ever or lifetime cannabis users, the percentage early initiators (before the age of 18) was 56%, 36% and 
51% respectively.  

Measures: To investigate the heritability of age at first cannabis use, this trait was considered to have an 
underlying, continuous liability. A threshold liability model was then used to divide age at first cannabis 
use into four ordinal categories: users who initiated cannabis before age 18, initiation between ages 18 to 
20, initiation after age 20, and never users. 

Genetic models: We fitted and compared three models to determine the relationship between risk of 
cannabis initiation per se and the age at first use. The single liability dimension model (SLD) postulates 
that the liability to cannabis initiation and the age at first cannabis use fall along the same dimension of 
risk or liability. In contrast, the independent liability dimension (ILD) model predicts that these liabilities 
are independent of one another. Finally, the combined model (CM) postulates the existence of separate 
dimensions, while allowing for the possibility that these dimensions are correlated. For more details, see 
Vink et al. (2005).

Model fitting: Age at first cannabis use in the first twin was cross-classified with age at first cannabis use 
in the second twin, resulting in 4x4 contingency tables for each of the five zygosity groups: monozygotic 
males, dizygotic males, monozygotic females, dizygotic females and dizygotic opposite sex twins. The three 
models were then fitted to the five contingency tables using maximum likelihood in the structural equation 
modelling package MX (Neale et al., 2006), and the goodness-of-fit of the (nested) models was assessed 
using likelihood-ratio chi-square statistics. For the model that gave the best description of the data, the twin 
correlations in liability were expressed as a function of genetic and environmental parameters based on 
the classical twin design (Neale and Cardon, 1992). Sources of variation that were considered in modelling 
were additive genetic variation (A), shared environmental variation (C) and unique environmental variation 
that is not shared by twin pairs (E).
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Supplementary Information 4: Heritability Analysis Results

Combined  data of NTR, QIMR, BLTS

Table I. Descriptives  of the three samples:

QIMR BLTS NTR
N MZ twin pairs 1282 429 2027
N DZ twin pairs 1969 577 1771
Total N twin pairs (MZ + DZ) 3251 1006 3798
Percentage males 44% 43% 34%
% ever used cannabis 57% 51% 24%
% early initiators (<18 years)  among ever users 36% 51% 56%

Table II. Goodness-of-Fit of the Single Liability Dimension (SLD), the Independent Liability Dimension (ILD) and the Combined 
Model (CM) 

df χ2 AIC
SLD 64 369.539 241.539
ILD 59 280.857 162.857
CM 57 149.619 35.619

df=degrees of freedom; AIC=χ2 - 2df, this is a measure of the parsimony of the model, a lower AIC indicates a more parsimonious 
model.

Table III. Polychoric twin correlations for age at cannabis initiation under the Combined Model. 

Combined model R initiation 95% CI R age at initiation

MZM .85 .77-.91 .78 .69-.86

DZM .66 .51-.79 .61 .43-.74

MZF .85 .78-.90 .78 .68-.85

DZF .54 .37-.67 .69 .53-.80

DOS .63 .52-.75 .50 .33-.63

Table IV.  Model fitting results for a combined model with cannabis initiation and age at first use (best fitting model is given in 
boldface). Full = full model with qualitative (Rc dos free)  and quantitative (ACE separately for males and females) sex difference. Rcdos 
fix = full model without qualitative sex differences for shared environment (shared environmental correlation in DOS twins is fixed at 
1). ACE= full model without quantitative sex differenced (ACE m=f), AE = model without shared environmental factors, CE = model 
without additive genetic factors.

Initiation Age Chi square Df Delta chi2 Delta df versus P AIC
1 Full Full 150.3980 72 6.398
2 Rcdos fix Full 150.398 73 0.0001 1 1 .992 4.398
3 ACE Full 152.976 76 2.577 3 2 .461 0.976
4 AE Full 185.043 77 32.067 1 3 <.001 31.043
5 CE Full 194.876 77 41.901 1 3 <.001 40.876
6 Full Rcdos fix 152.442 73 2.044 1 1 .153 6.442
7 Full ACE 157.457 76 5.015 3 6 .171 5.457
8 Full AE 190.469 77 33.012 1 7 <.001 175.496
9 Full CE 187.316 77 29.859 1 7 <.001 33.316
10 ACE ACE 159.361 80 8.964 8 1 -0.639
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Table V. A. Heritability estimates from the full model under the Combined Model. 

A2 C2 E2
Cannabis initiation M .38 (.10-.65) .48 (.23-.72) .14 (.08-.22)
Cannabis initiation F .54 (.31-.73) .30 (.14-.52) .16 (.10-.22)
Age at initiation M .35 (.05-.70) .43 (.11-.70) .22 (.14-.31)
Age at initiation F .20 (0 - .53) .57 (.27 - .78) .23 (.15-.33)

Estimate for shared environmental correlation in DOS twins for cannabis initiation:  1
Estimate for shared environmental correlation in DOS twins for age at initiation:  .77

Table V. B. Heritability estimates from the best fitting model under the Combined Model. 

A2 C2 E2
Cannabis initiation .48 (.30-.65) .37 (.21-.52) .15 (.11-.20)
Age at initiation .38 (.19-.60) .39 (.20-.56) .22 (.16-.29)

Estimate for shared environmental correlation in DOS twins for cannabis initiation:  fixed at 1
Estimate for shared environmental correlation in DOS twins for age at initiation:  fixed at 1
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Supplementary Figures

FIGURE S1 | Quantile-quantile (QQ) plot based on lambdaGC corrected input files

FIGURE S2a-i | Manhattan plots of the individual samples in the discovery meta-analysis (lambda corrected). The y-axes 
show the strength of association (-log10(P)) and the x-axes the chromosomal position. The horizontal lines show the 
suggestive (P-values < 10-5) and genome-wide (P-values < 5x10-8) significance levels.

a. Avon Longitudinal Study of Parents and Children (ALSPAC)
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b. Brisbane Longitudinal Twin Study (BLTS)

c. Finnish  Twin Cohort (FinnTwin12 & FinnTwin16)
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d. Hospital Universitari Vall d'Hebron – Barcelona (HUVH-Barcelona)

e. Netherlands Twin Register (NTR)
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f. Queensland Institute of Medical Research Berghofer adults (QIMR Berghofer adults)

g. Tracking Adolescents’ Individual Lives Survey (TRAILS)
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h. Utrecht 

i. Genetics of Substance Dependence - European American (Yale-Penn)
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FIGURE S3a-i | Quantile-quantile plots of the individual samples in the discovery meta-analysis (lambda corrected). The 
plots compare observed p-values with p-values expected from a normal distribution.

a. Avon Longitudinal Study of Parents and Children (ALSPAC) b. Brisbane Longitudinal Twin Study (BLTS)

c. Finnish Twin Cohort (FinnTwin12 & FinnTwin16) d. Hospital Universitari Vall d'Hebron – Barcelona (HUVH-Barcelona)

e. Netherlands Twin Register (NTR) f. Queensland Institute of Medical Research Berghofer adults 
(QIMR Berghofer adults)
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g. Tracking Adolescents’ Individual Lives Survey (TRAILS) h. Utrecht

i. Genetics of Substance Dependence - European 
American (Yale Penn)
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FIGURE S4a-i | Regional association plots showing signal around top SNPs. Regional plots showing the top independent 
SNPs (displayed as a violet dot at the top of the figure) in the discovery meta-analysis. The strength of the signal is 
displayed on the y-axis (–log10 p-value), and the chromosomal position is shown on the x-axis. The blue lines represent the 
recombination rate. The LD (r2) of the SNPs within the region with the top signal is colour coded.
a.

b. 
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FIGURE S5 a-k | Forest plots top SNPs. These plots compare the effect-sizes and 95% confidence intervals for the top SNPs 
in the individual discovery cohorts as well as the meta-analysis. See figure 1a in the main text for the forest plot of the top 
SNP rs1574587.

a. 

b.
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Figure S6 | The quantile-quantile (QQ) plot of the gene-based test
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Supplementary Tables

 TABLE S1 | Characteristics of the sample cohorts

Study Name N
% ever used 

cannabis
N ever 
users

N never 
users

mean age at initation 
(sd) in users

range of age at 
initiation in users

% female N females mean age (sd) range of age Birth cohorts covariates

ALSPAC 6,147 38.4 2360 3787 14.8 (1.6) 17-19 51.91 3191 17.3 (1.73) 12-20 1991-1992 Sex, 4 PC

BLTS 721 59.5 428 293 18.8 (2.8) 10-32 57.1 411 26.2 (3.3) 18-33 1979-1993 Sex, 4 PC

FinnTwin12 & FinnTwin16 1,029 27.5 283 746 18.0 (2.5) 13-25 51.7 532 22.8 (1.3) 20-29 1974-1987 Sex, 4 PC

HUVH-Barcelona 581 30.3 176 405 16.0 (3.0) 9-32 31.3 182 28.7 (12.5) 9-66
1944-1963 (reference), 1964-

1983, 1984-1992
Sex, birth cohort (2 dummy 

variables), 4 PC

NTR 5,148 16.6 852 4296 18.99 (5.1) 12-72 62.3 3205 46.9 (17.5) 16-99
1915-1951 (reference), 1951-

1970, 1971-1998
Sex, birth cohort (2 dummy 

variables), 4 PC

QIMR 6,758 51.3 3469 3289 19.9 (5.8) 8-23 53.8 3638 45.2 (10.9) 18-85
1917-1951 (reference), 1951-

1970, 1971-1986
Sex, birth cohort (2 dummy 

variables), 4 PC

TRAILS population cohort 1,249 61.7 771 478 16.3 (2.0) 13-22 53.88 673 20.0 (1.6) 18-24 1989-1991 Sex, 4 PC

Utrecht 958 59 565 393 15.5 (2.1) 22-23 51.3 491 17.4 (3.2) 18-36 1970-1991 Sex, 4 PC, genotype array

Yale Penn EA 2,372 92.6 2198 174 17.0 (9.4) 5-76 41.2 977 38.2 (10.6) 16-76
1921-1940 (reference), 1941-

1960, 1961-1980
Sex, 4 PC

CADD 1,801 81.9 1475 326 14.3 (3.2) 2-26 35.5 641 23.7 (4.4) 13-38 1976-1994 Sex, 4 PC

NTR2-RADAR (combined) 2,082 27.9 581 1501 17.3 (3.5) 10-47 60.6 1262 32.4 (14.5) 12-79
1928-1960 (reference), 1961-

1980, 1981-1995
Sex, birth cohort (2 dummy 

variables), 3 PC

> subcohort NTR2 1740 22.2 386 1354 18.0 (4.0) 11-47 63.7 1109 35.0 (14.6) 12-79    

> subcohort RADAR 342 57 195 147 15.9 (1.7) 10-20 44.7 153 19.5 (0.8) 13-22    

SYS 595 48.2 287 308 33.8 (17.2) 12-65 56.1 334 49.4 (5.1) 37-65 1947-1977 Sex, 4 PC
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TABLE S2 | Genotyping and imputation information per cohort

Study Sample QC   Genotyping QC Imputation

  call rate Other exclusion criteria Platform Genotype calling
Exclusion criteria

SNPs post-QC Lambda Software Reference Panel
MAF Call rate P HWE other

ALSPAC <95%

Excessive or minimal heterozygosity; Cryptic 
relatedness as measured by IBD; Sample duplication; 
Non-European Ancestry; Missing phenotype 
information; Sex discrepancy with genetic data from 
X-linked markers; Autosomal chromosome aberrations

Illumina HumanHap550 GenomeStudio <1% <95% <5x10-7   500527 0.96 minimac 1000 genome, release March 2012

BLTS ≤98%
Sex discrepancy with genetic data from 
X-linked marker; Unexpected relatives

Illumina 610K-quad GenomeStudio <1% ≤98% <1x10-6   529269 1.085 Minimac
1000 Genomes project uses NCBI Build 37 
( 'GIANT' marker subset - no SNPs with <2 
copies of minor allele) of 20101123 v3

FinnTwin12 & 
FinnTwin16

<95%
Sex discrepancy with genetic data from X-linked 
markers; duplicates; heterozygosity; unexpected 
relatives

Illumina 670K GenomeStudio <1% <95% <1x10-6   6728589 1.173 IMPUTE 2.2.2 1000 Genomes 2012 March release

HUVH-Barcelona 
(HUVH)

<95%
gender discrepancy with genetic data from 
X-linked markers; duplicates and first/second 
degree relatives; Log R ratio (LRR) < 0,30

Illumina HumanOmni1-Quad Beadstudio <1% <99% <1x10-6   780165 1.116 BEAGLE 1000 genome, release March 2012

NTR >95%

sex discrepancy with genetic data from X-linked 
markers; duplicates and first/second degree 
relatives; ancestry outliers; heterozygosity; 
autosomal chromosome aberrations

Affymetrix 6.0, Perlegen-
Affymetrix 5.0, Illumina 660, 
Illumina 1M, Illumina 370K

Birdseed + 
Affymetrix 
Genotyper

<1%

<90% 
per chip; 

<95% 
SNP

<1x10-4
Mendelian 

< 2%
6379086 1.087

Mach / 
Minimac

March 2012 1000G release, 
GIANT ALL panel

QIMR

At least 
≤95%; 
generally 
stricter (eg. 
≤98%)

Ancestry outliers [outside 6sd from European 
mean in PCA analysis - 1st two PCs]; 
wrong gender

Illumina 317K; Illumina 
HumanCNV370-Quadv3; 
Illumina HumanCNV370-
CNV370v1; Illumina 
Human610-Quad 

GenomeStudio 
genotyping 
module

<1% ≤95% <1x10-6
mean GenCall 

score <0.7
273158 0.802

MACH 
(phasing); 
minimac 

(imputation)

1000 Genome, 20101123 v3 
[GIANT subset, ie. no markers with <2 
copies of minor allele in reference panel]]

TRAILS population 
cohort

< 95%
heterozygosity >4SD; duplicates; sex mismatch;
non-caucasian

Illumina Cyto SNP12 v2
Illumina 
GenomeStudio

<1% <95% <0.0001
chr X SNPs >1% 

heterozygous in men
255254 0.871 Impute v2

1000 genomes, 
release march 2012

Utrecht sample < 95%
heterozygosity >3SD; duplicates/relatedness; 
sex mismatch; non-caucasian; 
genotyping platform

Illumina HumanOmniExpress 
(733,202 SNPs, 576 
individuals); Illumina 
Human610-Quad Beadchip 
(620,901 SNPs, 768 individuals)

Illumina 
GenomeStudio

<1% ≤95% <1x10-6   277957 0.996

MACH 
(phasing); 
minimac 

(imputation)

1000 genome, 
release March 2012

Yale Penn EA ≤98%
sex discrepancy with genetic data
from X-linked markers

Illumina HumanOmni1-Quad 
v1.0 

GenomeStudio 
software V2011.1 
and genotyping 
module V1.8.4

<1% ≤98% <1x10-4   889,659 1.028 Impute2
1000 genome, 
release March 2012

CADD <95%
ID labeled incorrectly ; older samples that 
where too few to be used as reference; s
amples that initiated at age < 10

Affymetrix 6.0
GeneChip Targeted 
Genotyping 
Analysis Software 

<1% ≤99% <1x10-6

Removed 
mendel errors as 

identified by PLINK
541,445 1.118 Minimac

1000 genome, phase 1, 
release March 2012

NTR-RADAR
<90%, most 
are around 
0.98

Heterozygosity F<-0.1 & F>0.1; IBD 
and sex mismatch; CQC<0.4; ethnic outliers

Affymetrix 6.0
Birdseed 2.6, 
Affymetrix APT 3.3

0 <95% <1x10-6

> 1% inconsistent 
calls in controls, 
>5sd Mendel 

errors (1%)

733,971 1.038

Shapeit 
(Phasing) 
Impute2 

(Imputation)

1000G Phase 1, 
june 2014

Saguenay Youth 
Study (SYS)

<95%
duplicates; sex mismatch; non-European, 
heterozygosity

Illumina Human610W-Quad 
Beadchip (Quad), Illumina 
HumanOmniExpress BeadChip 
(Omni)

GenomeStudio <1%
<95% 

per chip
<1x10-6  

542,345 (Quad); 
644,272 (Omni); 

313,653 (overlapped); 
8,511,030 (with 

imputation)

1.221
SHAPEIT / 
IMPUTE2

March 2012 1000G release 
(EUR reference panel)
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TABLE S3 | Top 100 SNPs in the discovery meta-analysis.

SNP CHR BP Allele1 Allele2 Freq1 FreqSE MinFreq MaxFreq Effect StdErr P Direction Het-I-square HetChiSq HetDf HetPVal

rs1574587 16 84453056 t c 0.1415 0.0111 0.1054 0.1853 0.098 0.0167 4.07*10-9 +?+++++-+ 32.6 10.391 7 0.1675
rs12922606 16 84453352 a g 0.8585 0.0114 0.8132 0.8948 -0.0952 0.0166 9.35*10-9 -?-----+- 20.8 8.838 7 0.2645
rs11644628 16 84452597 t c 0.1431 0.0113 0.1145 0.1898 0.094 0.017 3.05*10-8 +?+++++-+ 32.1 10.304 7 0.172
rs11644673 16 84452771 a g 0.8626 0.0109 0.8196 0.8919 -0.0956 0.0174 4.35*10-8 -?-----+- 17 8.431 7 0.2961
rs11644663 16 84452541 a g 0.1465 0.0102 0.1385 0.1903 0.0938 0.0172 4.67*10-8 +??++++-+ 42.5 10.427 6 0.1078
rs12922477 16 84453332 a c 0.8598 0.0118 0.814 0.8948 -0.0935 0.0172 5.65*10-8 -?-----+- 22.5 9.034 7 0.2502
rs79927873 16 84452497 a c 0.1392 0.0099 0.1308 0.1818 0.0943 0.0176 7.75*10-8 +??++++-+ 53.4 12.887 6 0.04487
rs1008994 16 84450857 c g 0.1454 0.0118 0.102 0.1843 0.0845 0.0167 4.33*10-7 +?+++++-+ 12.6 8.008 7 0.3319
rs4935127 10 56654986 c g 0.7741 0.0166 0.7081 0.8168 -0.0684 0.0136 4.64*10-7 ---+---+- 41.7 13.716 8 0.08947
rs1733786 10 56681617 a g 0.7742 0.0196 0.6892 0.8241 -0.0685 0.0136 4.82*10-7 ---+---+- 26.1 10.83 8 0.2115
rs2249437 6 1595216 t c 0.4595 0.0184 0.3977 0.4759 0.0707 0.0141 5.06*10-7 ++++?+?++ 9.2 6.605 6 0.359
rs62156986 2 120072326 t g 0.9349 0.0018 0.9322 0.9361 0.1925 0.0393 1.00*10-6 +???????+ 51.8 2.073 1 0.1499
rs1349893 10 56701951 t c 0.7658 0.0191 0.6856 0.8155 -0.0656 0.0135 1.18*10-6 ---+---+- 12.1 9.106 8 0.3334
rs11643072 16 84451155 a g 0.1475 0.0109 0.1014 0.1812 0.0808 0.0167 1.23*10-6 +?+++++-+ 21.8 8.946 7 0.2565
rs3943846 16 84455781 a g 0.8146 0.0146 0.7844 0.8793 -0.0762 0.0158 1.45*10-6 -?------- 0 1.066 7 0.9937
rs62159383 2 120045513 t c 0.9347 0.0003 0.9342 0.9349 0.1889 0.0393 1.53*10-6 +???????+ 69.5 3.275 1 0.07035
rs2163036 16 84455766 t c 0.173 0.0135 0.1159 0.2108 0.0785 0.0163 1.56*10-6 +?+++++++ 0 0.517 7 0.9994
rs9266245 6 31325702 a g 0.2655 0.0313 0.1537 0.2962 -0.0728 0.0152 1.57*10-6 ----?--?- 0 3.467 6 0.7484
rs9266262 6 31325932 a g 0.7251 0.0279 0.6912 0.7835 0.0735 0.0154 1.74*10-6 +++??++?+ 0 3.097 5 0.6851
rs115259011 3 161789904 t g 0.9563 0.0061 0.9346 0.9632 -0.1446 0.0303 1.82*10-6 -???--?+? 0 2.213 3 0.5293
rs9266244 6 31325692 a g 0.7345 0.0312 0.7038 0.8455 0.0723 0.0152 1.86*10-6 ++++?++?+ 0 3.579 6 0.7335
rs141294240 6 31325822 a g 0.7296 0.0319 0.7015 0.8466 0.0709 0.0151 2.56*10-6 ++++?++?+ 0 3.247 6 0.7773
rs1733762 10 56697898 a g 0.2167 0.0193 0.1664 0.3051 0.0666 0.0142 2.61*10-6 +++-+++-+ 12.5 9.148 8 0.33
rs28622199 8 5392103 t c 0.8012 0.009 0.7836 0.8162 0.0712 0.0152 2.74*10-6 +++-+++++ 0 5.135 8 0.7431
rs1670812 10 56689178 t c 0.2164 0.0195 0.1664 0.3052 0.0664 0.0142 2.80*10-6 +++-+++-+ 14.2 9.323 8 0.3158
rs2523578 6 31328542 a g 0.7333 0.0258 0.7068 0.7868 0.0718 0.0154 2.90*10-6 +++??++?+ 0 3.518 5 0.6206
rs8045313 16 84455540 t g 0.8158 0.0142 0.7819 0.8796 -0.074 0.0159 3.09*10-6 -?------- 0 0.886 7 0.9965
rs215069 16 16091237 t c 0.0685 0.0057 0.0639 0.085 -0.1192 0.0258 3.84*10-6 -?-?--??- 0 3.841 4 0.428
rs1733763 10 56697536 a c 0.7839 0.0196 0.695 0.8336 -0.0653 0.0142 4.20*10-6 ---+---+- 8.2 8.714 8 0.367
rs55966520 16 84454043 a g 0.1636 0.0119 0.1168 0.194 0.0766 0.0167 4.23*10-6 +?+++++++ 0 0.935 7 0.9958
rs2523582 6 31328092 a g 0.2632 0.032 0.1581 0.2934 -0.0694 0.0151 4.25*10-6 ----?--?- 0 4.199 6 0.6498
rs59006942 16 84454029 a g 0.1632 0.011 0.1327 0.1979 0.0768 0.0167 4.37*10-6 +?+++++++ 0 1.139 7 0.9923
rs71386833 16 84454170 a g 0.1636 0.0118 0.1168 0.1937 0.0757 0.0167 5.47*10-6 +?+++++++ 0 1.115 7 0.9928
rs4924506 15 41129467 a c 0.7318 0.017 0.7082 0.7827 0.0608 0.0134 5.51*10-6 ++++++--+ 0 6.927 8 0.5445
rs34659052 5 148816223 t c 0.7351 0.0061 0.7312 0.7446 0.0974 0.0214 5.59*10-6 +???????+ 0 0.952 1 0.3293
rs689589 15 41139250 t g 0.258 0.0154 0.2137 0.2793 -0.0608 0.0134 5.73*10-6 ------++- 0 7.44 8 0.49
rs647930 15 41141459 a g 0.7218 0.0208 0.6899 0.7754 0.0601 0.0133 6.53*10-6 ++++++--+ 0 6.625 8 0.5776
rs2412569 15 41140159 a g 0.254 0.0139 0.2135 0.2709 -0.0603 0.0135 7.54*10-6 ------++- 0 7.701 8 0.4632
rs114529675 2 120136433 t c 0.0614 0.0029 0.0595 0.0658 -0.1771 0.0396 7.66*10-6 -???????- 1.1 1.011 1 0.3145
rs2395475 6 31326920 a g 0.6563 0.0221 0.6112 0.7328 0.0643 0.0144 8.22*10-6 ++-+?++?+ 17.5 7.275 6 0.2961
rs2917953 15 41131916 t c 0.2558 0.0141 0.2136 0.274 -0.0599 0.0134 8.28*10-6 ------++- 0.9 8.071 8 0.4265
rs690660 15 41139165 t c 0.254 0.014 0.2134 0.2708 -0.0599 0.0134 8.31*10-6 ------++- 0 7.404 8 0.4937
rs7773177 6 139143088 a g 0.7383 0.018 0.6823 0.7564 -0.0613 0.0138 8.49*10-6 -------+- 0 6.778 8 0.5608
rs2326270 16 84461051 a c 0.0994 0.01 0.0907 0.1184 0.0896 0.0201 8.52*10-6 +??++++-+ 0 1.987 6 0.9209
rs11639292 15 41129528 a g 0.2601 0.0153 0.214 0.2817 -0.0595 0.0134 8.78*10-6 ------++- 0 7.479 8 0.4859
rs668750 15 41135827 a t 0.7415 0.0157 0.7196 0.7864 0.0595 0.0134 8.91*10-6 ++++++--+ 0 7.609 8 0.4725
rs11589605 1 230084670 a t 0.9599 0.0072 0.9513 0.9663 -0.2056 0.0463 9.13*10-6 -????-??- 0 0.342 2 0.8428
rs689618 15 41133008 t c 0.2558 0.0142 0.2136 0.274 -0.0596 0.0134 9.14*10-6 ------++- 0 7.908 8 0.4425
rs12193938 6 139142855 c g 0.7383 0.0179 0.6823 0.7564 -0.0611 0.0138 9.28*10-6 -------+- 0 6.767 8 0.562
rs2412570 15 41140168 t c 0.2555 0.0141 0.2136 0.2737 -0.0595 0.0134 9.30*10-6 ------++- 0 7.523 8 0.4814
rs16850641 1 230097368 a g 0.9596 0.0075 0.9506 0.9663 -0.2047 0.0462 9.50*10-6 -????-??- 0 0.44 2 0.8026
rs7528099 1 230097883 c g 0.9596 0.0075 0.9506 0.9663 -0.2047 0.0462 9.52*10-6 -????-??- 0 0.439 2 0.8028
rs60064513 1 230098302 t g 0.0404 0.0075 0.0337 0.0494 0.2047 0.0463 9.62*10-6 +????+??+ 0 0.438 2 0.8035
rs12413522 10 56642064 t c 0.7838 0.0149 0.7157 0.8267 -0.0609 0.0138 9.71*10-6 ---+---+- 28.1 11.124 8 0.1947
rs73113155 1 230087856 a g 0.0401 0.0072 0.0337 0.0487 0.2049 0.0463 9.73*10-6 +????+??+ 0 0.35 2 0.8395
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TABLE S3 | Top 100 SNPs in the discovery meta-analysis.

SNP CHR BP Allele1 Allele2 Freq1 FreqSE MinFreq MaxFreq Effect StdErr P Direction Het-I-square HetChiSq HetDf HetPVal

rs1574587 16 84453056 t c 0.1415 0.0111 0.1054 0.1853 0.098 0.0167 4.07*10-9 +?+++++-+ 32.6 10.391 7 0.1675
rs12922606 16 84453352 a g 0.8585 0.0114 0.8132 0.8948 -0.0952 0.0166 9.35*10-9 -?-----+- 20.8 8.838 7 0.2645
rs11644628 16 84452597 t c 0.1431 0.0113 0.1145 0.1898 0.094 0.017 3.05*10-8 +?+++++-+ 32.1 10.304 7 0.172
rs11644673 16 84452771 a g 0.8626 0.0109 0.8196 0.8919 -0.0956 0.0174 4.35*10-8 -?-----+- 17 8.431 7 0.2961
rs11644663 16 84452541 a g 0.1465 0.0102 0.1385 0.1903 0.0938 0.0172 4.67*10-8 +??++++-+ 42.5 10.427 6 0.1078
rs12922477 16 84453332 a c 0.8598 0.0118 0.814 0.8948 -0.0935 0.0172 5.65*10-8 -?-----+- 22.5 9.034 7 0.2502
rs79927873 16 84452497 a c 0.1392 0.0099 0.1308 0.1818 0.0943 0.0176 7.75*10-8 +??++++-+ 53.4 12.887 6 0.04487
rs1008994 16 84450857 c g 0.1454 0.0118 0.102 0.1843 0.0845 0.0167 4.33*10-7 +?+++++-+ 12.6 8.008 7 0.3319
rs4935127 10 56654986 c g 0.7741 0.0166 0.7081 0.8168 -0.0684 0.0136 4.64*10-7 ---+---+- 41.7 13.716 8 0.08947
rs1733786 10 56681617 a g 0.7742 0.0196 0.6892 0.8241 -0.0685 0.0136 4.82*10-7 ---+---+- 26.1 10.83 8 0.2115
rs2249437 6 1595216 t c 0.4595 0.0184 0.3977 0.4759 0.0707 0.0141 5.06*10-7 ++++?+?++ 9.2 6.605 6 0.359
rs62156986 2 120072326 t g 0.9349 0.0018 0.9322 0.9361 0.1925 0.0393 1.00*10-6 +???????+ 51.8 2.073 1 0.1499
rs1349893 10 56701951 t c 0.7658 0.0191 0.6856 0.8155 -0.0656 0.0135 1.18*10-6 ---+---+- 12.1 9.106 8 0.3334
rs11643072 16 84451155 a g 0.1475 0.0109 0.1014 0.1812 0.0808 0.0167 1.23*10-6 +?+++++-+ 21.8 8.946 7 0.2565
rs3943846 16 84455781 a g 0.8146 0.0146 0.7844 0.8793 -0.0762 0.0158 1.45*10-6 -?------- 0 1.066 7 0.9937
rs62159383 2 120045513 t c 0.9347 0.0003 0.9342 0.9349 0.1889 0.0393 1.53*10-6 +???????+ 69.5 3.275 1 0.07035
rs2163036 16 84455766 t c 0.173 0.0135 0.1159 0.2108 0.0785 0.0163 1.56*10-6 +?+++++++ 0 0.517 7 0.9994
rs9266245 6 31325702 a g 0.2655 0.0313 0.1537 0.2962 -0.0728 0.0152 1.57*10-6 ----?--?- 0 3.467 6 0.7484
rs9266262 6 31325932 a g 0.7251 0.0279 0.6912 0.7835 0.0735 0.0154 1.74*10-6 +++??++?+ 0 3.097 5 0.6851
rs115259011 3 161789904 t g 0.9563 0.0061 0.9346 0.9632 -0.1446 0.0303 1.82*10-6 -???--?+? 0 2.213 3 0.5293
rs9266244 6 31325692 a g 0.7345 0.0312 0.7038 0.8455 0.0723 0.0152 1.86*10-6 ++++?++?+ 0 3.579 6 0.7335
rs141294240 6 31325822 a g 0.7296 0.0319 0.7015 0.8466 0.0709 0.0151 2.56*10-6 ++++?++?+ 0 3.247 6 0.7773
rs1733762 10 56697898 a g 0.2167 0.0193 0.1664 0.3051 0.0666 0.0142 2.61*10-6 +++-+++-+ 12.5 9.148 8 0.33
rs28622199 8 5392103 t c 0.8012 0.009 0.7836 0.8162 0.0712 0.0152 2.74*10-6 +++-+++++ 0 5.135 8 0.7431
rs1670812 10 56689178 t c 0.2164 0.0195 0.1664 0.3052 0.0664 0.0142 2.80*10-6 +++-+++-+ 14.2 9.323 8 0.3158
rs2523578 6 31328542 a g 0.7333 0.0258 0.7068 0.7868 0.0718 0.0154 2.90*10-6 +++??++?+ 0 3.518 5 0.6206
rs8045313 16 84455540 t g 0.8158 0.0142 0.7819 0.8796 -0.074 0.0159 3.09*10-6 -?------- 0 0.886 7 0.9965
rs215069 16 16091237 t c 0.0685 0.0057 0.0639 0.085 -0.1192 0.0258 3.84*10-6 -?-?--??- 0 3.841 4 0.428
rs1733763 10 56697536 a c 0.7839 0.0196 0.695 0.8336 -0.0653 0.0142 4.20*10-6 ---+---+- 8.2 8.714 8 0.367
rs55966520 16 84454043 a g 0.1636 0.0119 0.1168 0.194 0.0766 0.0167 4.23*10-6 +?+++++++ 0 0.935 7 0.9958
rs2523582 6 31328092 a g 0.2632 0.032 0.1581 0.2934 -0.0694 0.0151 4.25*10-6 ----?--?- 0 4.199 6 0.6498
rs59006942 16 84454029 a g 0.1632 0.011 0.1327 0.1979 0.0768 0.0167 4.37*10-6 +?+++++++ 0 1.139 7 0.9923
rs71386833 16 84454170 a g 0.1636 0.0118 0.1168 0.1937 0.0757 0.0167 5.47*10-6 +?+++++++ 0 1.115 7 0.9928
rs4924506 15 41129467 a c 0.7318 0.017 0.7082 0.7827 0.0608 0.0134 5.51*10-6 ++++++--+ 0 6.927 8 0.5445
rs34659052 5 148816223 t c 0.7351 0.0061 0.7312 0.7446 0.0974 0.0214 5.59*10-6 +???????+ 0 0.952 1 0.3293
rs689589 15 41139250 t g 0.258 0.0154 0.2137 0.2793 -0.0608 0.0134 5.73*10-6 ------++- 0 7.44 8 0.49
rs647930 15 41141459 a g 0.7218 0.0208 0.6899 0.7754 0.0601 0.0133 6.53*10-6 ++++++--+ 0 6.625 8 0.5776
rs2412569 15 41140159 a g 0.254 0.0139 0.2135 0.2709 -0.0603 0.0135 7.54*10-6 ------++- 0 7.701 8 0.4632
rs114529675 2 120136433 t c 0.0614 0.0029 0.0595 0.0658 -0.1771 0.0396 7.66*10-6 -???????- 1.1 1.011 1 0.3145
rs2395475 6 31326920 a g 0.6563 0.0221 0.6112 0.7328 0.0643 0.0144 8.22*10-6 ++-+?++?+ 17.5 7.275 6 0.2961
rs2917953 15 41131916 t c 0.2558 0.0141 0.2136 0.274 -0.0599 0.0134 8.28*10-6 ------++- 0.9 8.071 8 0.4265
rs690660 15 41139165 t c 0.254 0.014 0.2134 0.2708 -0.0599 0.0134 8.31*10-6 ------++- 0 7.404 8 0.4937
rs7773177 6 139143088 a g 0.7383 0.018 0.6823 0.7564 -0.0613 0.0138 8.49*10-6 -------+- 0 6.778 8 0.5608
rs2326270 16 84461051 a c 0.0994 0.01 0.0907 0.1184 0.0896 0.0201 8.52*10-6 +??++++-+ 0 1.987 6 0.9209
rs11639292 15 41129528 a g 0.2601 0.0153 0.214 0.2817 -0.0595 0.0134 8.78*10-6 ------++- 0 7.479 8 0.4859
rs668750 15 41135827 a t 0.7415 0.0157 0.7196 0.7864 0.0595 0.0134 8.91*10-6 ++++++--+ 0 7.609 8 0.4725
rs11589605 1 230084670 a t 0.9599 0.0072 0.9513 0.9663 -0.2056 0.0463 9.13*10-6 -????-??- 0 0.342 2 0.8428
rs689618 15 41133008 t c 0.2558 0.0142 0.2136 0.274 -0.0596 0.0134 9.14*10-6 ------++- 0 7.908 8 0.4425
rs12193938 6 139142855 c g 0.7383 0.0179 0.6823 0.7564 -0.0611 0.0138 9.28*10-6 -------+- 0 6.767 8 0.562
rs2412570 15 41140168 t c 0.2555 0.0141 0.2136 0.2737 -0.0595 0.0134 9.30*10-6 ------++- 0 7.523 8 0.4814
rs16850641 1 230097368 a g 0.9596 0.0075 0.9506 0.9663 -0.2047 0.0462 9.50*10-6 -????-??- 0 0.44 2 0.8026
rs7528099 1 230097883 c g 0.9596 0.0075 0.9506 0.9663 -0.2047 0.0462 9.52*10-6 -????-??- 0 0.439 2 0.8028
rs60064513 1 230098302 t g 0.0404 0.0075 0.0337 0.0494 0.2047 0.0463 9.62*10-6 +????+??+ 0 0.438 2 0.8035
rs12413522 10 56642064 t c 0.7838 0.0149 0.7157 0.8267 -0.0609 0.0138 9.71*10-6 ---+---+- 28.1 11.124 8 0.1947
rs73113155 1 230087856 a g 0.0401 0.0072 0.0337 0.0487 0.2049 0.0463 9.73*10-6 +????+??+ 0 0.35 2 0.8395
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SNP CHR BP Allele1 Allele2 Freq1 FreqSE MinFreq MaxFreq Effect StdErr P Direction Het-I-square HetChiSq HetDf HetPVal

rs452277 16 16079948 t c 0.9385 0.0071 0.9183 0.9465 0.1266 0.0286 9.77*10-6 +?+?++??+ 0 1.007 4 0.9087
rs435683 16 16079952 t c 0.9385 0.0071 0.9183 0.9465 0.1266 0.0286 9.81*10-6 +?+?++??+ 0 1.007 4 0.9087
rs6570291 6 139143274 a g 0.7383 0.0181 0.6823 0.7564 -0.0608 0.0138 1.00*10-5 -------+- 0 6.265 8 0.6175
rs10872495 6 139155677 t g 0.2614 0.0178 0.2436 0.3175 0.0613 0.0139 1.02*10-5 +++++++-+ 0 6.389 8 0.6037
rs11155012 6 139151784 a g 0.2614 0.0177 0.2434 0.3174 0.0613 0.0139 1.03*10-5 +++++++-+ 0 6.478 8 0.5939
rs11004618 10 56641728 t c 0.7836 0.0148 0.7157 0.8267 -0.0607 0.0138 1.03*10-5 ---+---+- 27.5 11.037 8 0.1996
rs11155013 6 139151838 t c 0.2866 0.0197 0.2649 0.3613 0.0594 0.0135 1.03*10-5 +++++++-+ 0 4.814 8 0.7772
rs6683692 1 230089628 a g 0.0401 0.0072 0.0337 0.0487 0.2042 0.0463 1.05*10-5 +????+??+ 0 0.366 2 0.8327
rs116395818 1 230091683 t c 0.0401 0.0072 0.0337 0.0486 0.2041 0.0463 1.06*10-5 +????+??+ 0 0.365 2 0.833
rs2523595 6 31326618 a g 0.6583 0.0229 0.6105 0.7318 0.0635 0.0144 1.07*10-5 ++-+?++?+ 28.5 8.39 6 0.2109
rs690572 15 41135406 t c 0.2557 0.0144 0.2136 0.2746 -0.0591 0.0134 1.08*10-5 ------++- 0 7.758 8 0.4575
rs56169108 16 84453872 a g 0.8376 0.012 0.8024 0.8831 -0.0731 0.0166 1.09*10-5 -?------- 0 1.07 7 0.9936
rs116815096 6 30997692 c g 0.7014 0.0232 0.6728 0.7469 0.064 0.0146 1.09*10-5 +++??++?+ 0 3.709 5 0.592
rs2523594 6 31326629 t c 0.6587 0.0229 0.6117 0.731 0.0633 0.0144 1.12*10-5 ++-+?++?+ 29.1 8.46 6 0.2063
rs7459013 7 10887478 a c 0.5912 0.0169 0.5449 0.6093 0.0532 0.0121 1.12*10-5 +++++++-+ 0 6.801 8 0.5583
rs622538 15 41133744 c g 0.738 0.0167 0.7155 0.7831 0.0589 0.0134 1.12*10-5 ++++++--+ 0 7.491 8 0.4847
rs12193993 6 139142909 t c 0.2611 0.0176 0.2436 0.3177 0.0605 0.0138 1.14*10-5 +++++++-+ 0 6.809 8 0.5573
rs12207788 6 139157314 t g 0.7399 0.0175 0.6821 0.7567 -0.0612 0.0139 1.14*10-5 -------+- 0 5.922 8 0.656
rs114645619 1 230092054 c g 0.0401 0.0072 0.0337 0.0486 0.2033 0.0463 1.15*10-5 +????+??+ 0 0.395 2 0.8207
rs6541302 1 230093400 c g 0.9599 0.0071 0.9514 0.9663 -0.2032 0.0463 1.16*10-5 -????-??- 0 0.395 2 0.8208
rs11800137 1 230096121 t c 0.96 0.0071 0.9514 0.9663 -0.2033 0.0464 1.17*10-5 -????-??- 0 0.395 2 0.8209
rs689736 15 41136030 t g 0.258 0.0154 0.2135 0.2792 -0.0588 0.0134 1.17*10-5 ------++- 0 7.598 8 0.4737
rs16841453 1 230095259 t g 0.9599 0.0071 0.9514 0.9663 -0.2033 0.0464 1.17*10-5 -????-??- 0 0.393 2 0.8218
rs57801654 1 230095573 a g 0.0401 0.0071 0.0337 0.0486 0.2033 0.0464 1.18*10-5 +????+??+ 0 0.392 2 0.8219
rs11122468 1 230096338 a t 0.0401 0.0071 0.0337 0.0486 0.2032 0.0464 1.18*10-5 +????+??+ 0 0.391 2 0.8222
rs7037098 9 83219719 c g 0.5246 0.0214 0.4726 0.5618 -0.0516 0.0118 1.23*10-5 -+------- 0 6.361 8 0.6069
rs10453983 10 130604719 t g 0.8304 0.0109 0.8029 0.8544 -0.0711 0.0163 1.25*10-5 ------+++ 24.8 10.643 8 0.2227
rs12205070 6 139154247 a g 0.2599 0.0176 0.243 0.3174 0.0608 0.0139 1.25*10-5 +++++++-+ 0 6.441 8 0.5979
rs670321 1 108648369 a g 0.4473 0.0223 0.3431 0.4855 -0.0526 0.0121 1.26*10-5 --------- 0 5.047 8 0.7526
rs680493 15 41136116 a g 0.2609 0.0163 0.2169 0.2829 -0.0585 0.0134 1.26*10-5 ------++- 0.2 8.018 8 0.4317
rs10872496 6 139158676 t g 0.2615 0.0176 0.2438 0.3189 0.0609 0.014 1.28*10-5 +++++++-+ 0 5.779 8 0.6719
rs1371884 1 108644530 a g 0.444 0.0214 0.3415 0.465 -0.0527 0.0121 1.32*10-5 --------- 0 4.266 8 0.8323
rs2326269 16 84454552 t c 0.1679 0.0121 0.1174 0.1921 0.0717 0.0165 1.34*10-5 +?+++++-+ 0 1.373 7 0.9864
rs119774 16 16086833 t c 0.0691 0.0049 0.0657 0.086 -0.1105 0.0254 1.39*10-5 -?-?--?-- 0 4.153 5 0.5275
rs115283957 6 31276435 c g 0.7147 0.025 0.675 0.7681 0.0678 0.0156 1.40*10-5 +????++?+ 0 1.273 3 0.7355
rs476769 1 108651825 t g 0.5532 0.0222 0.5144 0.6569 0.0523 0.0121 1.41*10-5 +++++++++ 0 5.296 8 0.7255
rs1968096 7 10885886 t c 0.4073 0.0157 0.3904 0.4553 -0.0525 0.0121 1.44*10-5 -------+- 0 6.405 8 0.6019
rs16850649 1 230099183 a g 0.0402 0.0073 0.0337 0.0488 0.2006 0.0463 1.49*10-5 +????+??+ 0 0.5 2 0.7788
rs145846684 12 130203652 a g 0.9447 0.0091 0.9126 0.9482 -0.1372 0.0317 1.50*10-5 -?+??-??- 8.4 3.276 3 0.351
rs1454487 10 56671487 a g 0.274 0.0124 0.2461 0.3214 0.0552 0.0128 1.52*10-5 +++-+++-+ 48.6 15.579 8 0.04882
rs614372 1 108656156 t c 0.4466 0.0216 0.3431 0.4648 -0.0521 0.0121 1.56*10-5 --------- 0 5.084 8 0.7486
rs72877686 18 13183972 t g 0.0919 0.0088 0.085 0.1284 0.1086 0.0251 1.56*10-5 +??+?+?++ 0 1.717 4 0.7876
rs60601651 1 230095614 t c 0.9596 0.0075 0.9505 0.9662 -0.2005 0.0464 1.57*10-5 -????-??- 0 0.374 2 0.8293
rs614456 1 108656210 t c 0.4465 0.0216 0.3431 0.4647 -0.0521 0.0121 1.57*10-5 --------- 0 5.06 8 0.7511
rs1564213 16 84450679 t c 0.8539 0.0108 0.826 0.8984 -0.073 0.0169 1.58*10-5 -?----?+- 0 5.716 6 0.4557
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rs452277 16 16079948 t c 0.9385 0.0071 0.9183 0.9465 0.1266 0.0286 9.77*10-6 +?+?++??+ 0 1.007 4 0.9087
rs435683 16 16079952 t c 0.9385 0.0071 0.9183 0.9465 0.1266 0.0286 9.81*10-6 +?+?++??+ 0 1.007 4 0.9087
rs6570291 6 139143274 a g 0.7383 0.0181 0.6823 0.7564 -0.0608 0.0138 1.00*10-5 -------+- 0 6.265 8 0.6175
rs10872495 6 139155677 t g 0.2614 0.0178 0.2436 0.3175 0.0613 0.0139 1.02*10-5 +++++++-+ 0 6.389 8 0.6037
rs11155012 6 139151784 a g 0.2614 0.0177 0.2434 0.3174 0.0613 0.0139 1.03*10-5 +++++++-+ 0 6.478 8 0.5939
rs11004618 10 56641728 t c 0.7836 0.0148 0.7157 0.8267 -0.0607 0.0138 1.03*10-5 ---+---+- 27.5 11.037 8 0.1996
rs11155013 6 139151838 t c 0.2866 0.0197 0.2649 0.3613 0.0594 0.0135 1.03*10-5 +++++++-+ 0 4.814 8 0.7772
rs6683692 1 230089628 a g 0.0401 0.0072 0.0337 0.0487 0.2042 0.0463 1.05*10-5 +????+??+ 0 0.366 2 0.8327
rs116395818 1 230091683 t c 0.0401 0.0072 0.0337 0.0486 0.2041 0.0463 1.06*10-5 +????+??+ 0 0.365 2 0.833
rs2523595 6 31326618 a g 0.6583 0.0229 0.6105 0.7318 0.0635 0.0144 1.07*10-5 ++-+?++?+ 28.5 8.39 6 0.2109
rs690572 15 41135406 t c 0.2557 0.0144 0.2136 0.2746 -0.0591 0.0134 1.08*10-5 ------++- 0 7.758 8 0.4575
rs56169108 16 84453872 a g 0.8376 0.012 0.8024 0.8831 -0.0731 0.0166 1.09*10-5 -?------- 0 1.07 7 0.9936
rs116815096 6 30997692 c g 0.7014 0.0232 0.6728 0.7469 0.064 0.0146 1.09*10-5 +++??++?+ 0 3.709 5 0.592
rs2523594 6 31326629 t c 0.6587 0.0229 0.6117 0.731 0.0633 0.0144 1.12*10-5 ++-+?++?+ 29.1 8.46 6 0.2063
rs7459013 7 10887478 a c 0.5912 0.0169 0.5449 0.6093 0.0532 0.0121 1.12*10-5 +++++++-+ 0 6.801 8 0.5583
rs622538 15 41133744 c g 0.738 0.0167 0.7155 0.7831 0.0589 0.0134 1.12*10-5 ++++++--+ 0 7.491 8 0.4847
rs12193993 6 139142909 t c 0.2611 0.0176 0.2436 0.3177 0.0605 0.0138 1.14*10-5 +++++++-+ 0 6.809 8 0.5573
rs12207788 6 139157314 t g 0.7399 0.0175 0.6821 0.7567 -0.0612 0.0139 1.14*10-5 -------+- 0 5.922 8 0.656
rs114645619 1 230092054 c g 0.0401 0.0072 0.0337 0.0486 0.2033 0.0463 1.15*10-5 +????+??+ 0 0.395 2 0.8207
rs6541302 1 230093400 c g 0.9599 0.0071 0.9514 0.9663 -0.2032 0.0463 1.16*10-5 -????-??- 0 0.395 2 0.8208
rs11800137 1 230096121 t c 0.96 0.0071 0.9514 0.9663 -0.2033 0.0464 1.17*10-5 -????-??- 0 0.395 2 0.8209
rs689736 15 41136030 t g 0.258 0.0154 0.2135 0.2792 -0.0588 0.0134 1.17*10-5 ------++- 0 7.598 8 0.4737
rs16841453 1 230095259 t g 0.9599 0.0071 0.9514 0.9663 -0.2033 0.0464 1.17*10-5 -????-??- 0 0.393 2 0.8218
rs57801654 1 230095573 a g 0.0401 0.0071 0.0337 0.0486 0.2033 0.0464 1.18*10-5 +????+??+ 0 0.392 2 0.8219
rs11122468 1 230096338 a t 0.0401 0.0071 0.0337 0.0486 0.2032 0.0464 1.18*10-5 +????+??+ 0 0.391 2 0.8222
rs7037098 9 83219719 c g 0.5246 0.0214 0.4726 0.5618 -0.0516 0.0118 1.23*10-5 -+------- 0 6.361 8 0.6069
rs10453983 10 130604719 t g 0.8304 0.0109 0.8029 0.8544 -0.0711 0.0163 1.25*10-5 ------+++ 24.8 10.643 8 0.2227
rs12205070 6 139154247 a g 0.2599 0.0176 0.243 0.3174 0.0608 0.0139 1.25*10-5 +++++++-+ 0 6.441 8 0.5979
rs670321 1 108648369 a g 0.4473 0.0223 0.3431 0.4855 -0.0526 0.0121 1.26*10-5 --------- 0 5.047 8 0.7526
rs680493 15 41136116 a g 0.2609 0.0163 0.2169 0.2829 -0.0585 0.0134 1.26*10-5 ------++- 0.2 8.018 8 0.4317
rs10872496 6 139158676 t g 0.2615 0.0176 0.2438 0.3189 0.0609 0.014 1.28*10-5 +++++++-+ 0 5.779 8 0.6719
rs1371884 1 108644530 a g 0.444 0.0214 0.3415 0.465 -0.0527 0.0121 1.32*10-5 --------- 0 4.266 8 0.8323
rs2326269 16 84454552 t c 0.1679 0.0121 0.1174 0.1921 0.0717 0.0165 1.34*10-5 +?+++++-+ 0 1.373 7 0.9864
rs119774 16 16086833 t c 0.0691 0.0049 0.0657 0.086 -0.1105 0.0254 1.39*10-5 -?-?--?-- 0 4.153 5 0.5275
rs115283957 6 31276435 c g 0.7147 0.025 0.675 0.7681 0.0678 0.0156 1.40*10-5 +????++?+ 0 1.273 3 0.7355
rs476769 1 108651825 t g 0.5532 0.0222 0.5144 0.6569 0.0523 0.0121 1.41*10-5 +++++++++ 0 5.296 8 0.7255
rs1968096 7 10885886 t c 0.4073 0.0157 0.3904 0.4553 -0.0525 0.0121 1.44*10-5 -------+- 0 6.405 8 0.6019
rs16850649 1 230099183 a g 0.0402 0.0073 0.0337 0.0488 0.2006 0.0463 1.49*10-5 +????+??+ 0 0.5 2 0.7788
rs145846684 12 130203652 a g 0.9447 0.0091 0.9126 0.9482 -0.1372 0.0317 1.50*10-5 -?+??-??- 8.4 3.276 3 0.351
rs1454487 10 56671487 a g 0.274 0.0124 0.2461 0.3214 0.0552 0.0128 1.52*10-5 +++-+++-+ 48.6 15.579 8 0.04882
rs614372 1 108656156 t c 0.4466 0.0216 0.3431 0.4648 -0.0521 0.0121 1.56*10-5 --------- 0 5.084 8 0.7486
rs72877686 18 13183972 t g 0.0919 0.0088 0.085 0.1284 0.1086 0.0251 1.56*10-5 +??+?+?++ 0 1.717 4 0.7876
rs60601651 1 230095614 t c 0.9596 0.0075 0.9505 0.9662 -0.2005 0.0464 1.57*10-5 -????-??- 0 0.374 2 0.8293
rs614456 1 108656210 t c 0.4465 0.0216 0.3431 0.4647 -0.0521 0.0121 1.57*10-5 --------- 0 5.06 8 0.7511
rs1564213 16 84450679 t c 0.8539 0.0108 0.826 0.8984 -0.073 0.0169 1.58*10-5 -?----?+- 0 5.716 6 0.4557
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TABLE S4 | Association results and descriptive information for the top SNP rs1574587 (chromosome 16, base pair position 
84453056, Allele 1=T, Allele 2 = C) based on the discovery and replication samples. 

Sample BETA SE P N EAF INFO λGCSE λGCP

ALSPAC 0.0858 0.0323 0.0079 6147 0.139 0.988 0.0317 0.0067
BLTS NA NA NA NA NA NA NA NA
FinnTwin 0.0535 0.0994 0.5898 1022 0.105 0.993 0.1076 0.6187
HUVH 0.1670 0.1057 0.1140 580 0.139 0.967 0.1116 0.1348
NTR 0.0697 0.0311 0.0248 5148 0.145 0.977 0.0324 0.0314
QIMR 0.1084 0.0404 0.0072 6758 0.134 0.987 0.0362 0.0027
TRAILS 0.2630 0.0917 0.0041 421 0.185 0.897 0.0856 0.0021
Utrecht -0.1270 0.1129 0.2605 1173 0.156 0.976 0.1127 0.2597
Yale-Penn 0.1454 0.0435 0.0008 2362 0.139 0.975 0.0441 0.0009
CADD NA NA NA NA NA NA NA NA
NTR2/RADAR NA NA NA NA NA NA NA NA
SYS -0.0904 0.1219 0.4581 533 0.133 0.981 0.1347 0.5018

Abbreviations: B – beta (effect size); SE – standard error of beta; N – sample size; EAF –effect allele frequency; INFO – imputation quality; 
λGCSE – lambda corrected standard error; λGCP– lambda corrected P-value; 

Note: In the BLTS (discovery) sample, and in the CADD and NTR2/RADAR (replication) samples the SNP rs 1574587 failed to meet the 
imputation quality threshold of >.8.

TABLE S5.| Top 100 genes from the gene-based tests of association based on the meta-analytic discovery sample.

Gene Chr Start position Group Nominal P-value Corrected P-value

ECT2L 6 139117247 protein-coding gene 6.59*10-8 0.001607199
ATP2C2 16 84440193 protein-coding gene 0.00000154 0.018787887
RAD51B 14 68286495 protein-coding gene 0.00000522 0.042442821
HLA-B 6 31321648 protein-coding gene 0.0000137 0.083836386
MIR6891 6 31323000 non-coding RNA 0.0000255 0.124228366
LOC101927058 12 43009304 unknown 0.00004 0.159345143
SPINT1 15 41136642 protein-coding gene 0.0000457 0.159345143
LINGO2 9 27948083 protein-coding gene 0.0000553 0.168546053
MIR195 17 6920933 non-coding RNA 0.0001 0.252444614
MIR497 17 6921229 non-coding RNA 0.00011 0.252444614
HIRIP3 16 30003641 protein-coding gene 0.00012 0.252444614
LOC158435 9 98828120 unknown 0.00015 0.252444614
C17orf49 17 6918055 protein-coding gene 0.00016 0.252444614
PPP1R14D 15 41107642 protein-coding gene 0.00017 0.252444614
MIR497HG 17 6919136 non-coding RNA 0.00018 0.252444614
RDH12 14 68168602 protein-coding gene 0.00018 0.252444614
RNASEK 17 6915735 protein-coding gene 0.00018 0.252444614
INO80E 16 30007529 protein-coding gene 0.00019 0.252444614
RNASEK-C17orf49 17 6915735 other 0.0002 0.252444614
GNB4 3 179113875 protein-coding gene 0.00022 0.267493683
BCL6B 17 6926368 protein-coding gene 0.00024 0.277101367
ARG2 14 68086578 protein-coding gene 0.00025 0.277101367
TMEM45A 3 100211462 protein-coding gene 0.00032 0.337792666
KRT32 17 39615764 protein-coding gene 0.00036 0.369201303
VTI1B 14 68117866 protein-coding gene 0.00042 0.41139477
EPHA6 3 97158436 protein-coding gene 0.00048 0.423552101
MIR3135B 6 32717688 non-coding RNA 0.00048 0.423552101
SEC63 6 108188959 protein-coding gene 0.00049 0.423552101
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Gene Chr Start position Group Nominal P-value Corrected P-value

NTRK2 9 87285291 protein-coding gene 0.00051 0.423552101
CCDC28A 6 139094656 protein-coding gene 0.00053 0.423552101
LYST 1 235989622 protein-coding gene 0.00054 0.423552101
MFN1 3 179065479 protein-coding gene 0.00061 0.465815688
TMEM212-AS1 3 171594141 non-coding RNA 0.00066 0.484478381
MIR876 9 28863623 non-coding RNA 0.00071 0.507786132
CDH24 14 23516269 protein-coding gene 0.00078 0.51628193
HLA-DQB2 6 32723874 protein-coding gene 0.0008 0.51628193
EPGN 4 75174186 protein-coding gene 0.00084 0.51628193
FOXP1 3 71247033 protein-coding gene 0.00086 0.51628193
TMEM8C 9 136379707 protein-coding gene 0.00087 0.51628193
PPIE 1 40204516 protein-coding gene 0.00089 0.51628193
MIR143HG 5 148786407 non-coding RNA 0.00089 0.51628193
FAS-AS1 10 90751180 non-coding RNA 0.00092 0.51628193
ABCC1 16 16043433 protein-coding gene 0.00092 0.51628193
TAOK2 16 29985187 protein-coding gene 0.00095 0.51628193
ZFYVE19 15 41099273 protein-coding gene 0.00095 0.51628193
SCP2 1 53480609 protein-coding gene 0.001 0.530641742
HLA-DQA2 6 32709162 protein-coding gene 0.00106 0.530641742
CUEDC1 17 55938603 protein-coding gene 0.00106 0.530641742
TBC1D16 17 77917651 protein-coding gene 0.00107 0.530641742
NEK6 9 127054698 protein-coding gene 0.00109 0.531577758
MYBPH 1 203136938 protein-coding gene 0.00115 0.547910436
LY6G5B 6 31638727 protein-coding gene 0.00122 0.563827842
NEDD9 6 11200605 protein-coding gene 0.00123 0.563827842
SFTA2 6 30899126 protein-coding gene 0.00127 0.563827842
DOC2A 16 30016834 protein-coding gene 0.00127 0.563827842
MIR6832 6 31601563 non-coding RNA 0.00135 0.567184712
TMEM219 16 29973350 protein-coding gene 0.0014 0.567184712
HOXC13 12 54332575 protein-coding gene 0.00144 0.567184712
ZFAT-AS1 8 135610313 non-coding RNA 0.00144 0.567184712
DNAJC17 15 41060066 protein-coding gene 0.00145 0.567184712
MAP2K1 15 66679210 protein-coding gene 0.0015 0.567184712
RDH11 14 68143518 protein-coding gene 0.0015 0.567184712
GPANK1 6 31629005 protein-coding gene 0.00153 0.567184712
GDPD3 16 30116130 protein-coding gene 0.00154 0.567184712
ZNF639 3 179041550 protein-coding gene 0.00155 0.567184712
C1orf111 1 162343514 protein-coding gene 0.00155 0.567184712
HOXC13-AS 12 54329111 non-coding RNA 0.00159 0.567184712
CSNK2B 6 31633656 protein-coding gene 0.00162 0.567184712
CLDN18 3 137729005 protein-coding gene 0.00162 0.567184712
CCNG2 4 78078356 protein-coding gene 0.00163 0.567184712
GET4 7 916190 protein-coding gene 0.00166 0.567184712
FAM189A2 9 71944240 protein-coding gene 0.00167 0.567184712
MEAT6 6 165206865 unknown 0.00176 0.58645495
COL8A1 3 99357439 protein-coding gene 0.0018 0.58645495
HOXC12 12 54348713 protein-coding gene 0.00183 0.58645495
TOMM6 6 41755180 protein-coding gene 0.00183 0.58645495
C16orf97 16 52060263 other 0.00193 0.58645495
AP3B1 5 77298149 protein-coding gene 0.00193 0.58645495
HSF2 6 122720695 protein-coding gene 0.002 0.58645495
SPATA5L1 15 45694518 protein-coding gene 0.00202 0.58645495
LINC01399 22 35515816 non-coding RNA 0.00207 0.58645495
LINC00207 22 44965219 non-coding RNA 0.00209 0.58645495
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Gene Chr Start position Group Nominal P-value Corrected P-value

HCP5 6 31430956 non-coding RNA 0.00209 0.58645495
ACIN1 14 23527773 protein-coding gene 0.00209 0.58645495
TCF4 18 52889561 protein-coding gene 0.00209 0.58645495
SYNJ2 6 158438079 protein-coding gene 0.00213 0.58645495
HMP19 5 173472606 unknown 0.00213 0.58645495
DIS3L 15 66585919 protein-coding gene 0.00213 0.58645495
TTF1 9 135250936 protein-coding gene 0.00214 0.58645495
CHI3L1 1 203148058 protein-coding gene 0.00221 0.594855629
ADGRL4 1 79355448 protein-coding gene 0.00222 0.594855629
ZWILCH 15 66797420 protein-coding gene 0.00224 0.594855629
MIR6078 10 4033351 non-coding RNA 0.00232 0.608173218
CNDP2 18 72166822 protein-coding gene 0.0024 0.611965486
KRT35 17 39632940 protein-coding gene 0.00242 0.611965486
TEFM 17 29226000 protein-coding gene 0.00247 0.611965486
PSMB7 9 127115743 protein-coding gene 0.00247 0.611965486
MICA 6 31371343 protein-coding gene 0.00248 0.611965486
LINC00928 15 90048160 non-coding RNA 0.00248 0.611965486
SNORA70C 9 119943344 non-coding RNA 0.00251 0.61304665
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Methods for genome-wide association analyses have generally emphasised brute force over sophistication: 
including more variants and using larger samples sizes in order to identify more and more genetic variants 
associated with a complex trait. However, more sophisticated analysis of genome-wide data could also help 
in improving the statistical power to detect those variants. In this thesis we developed strategies to improve 
the quality of the methodology of genome-wide association analysis. We set out to develop and apply novel 
tools to obtain more and higher-quality results from genome-wide data. We approached this problem from 
four perspectives:

1. Better quality control (QC) of genome-wide and epigenome-wide association studies (GWAS and 
EWAS) data by developing software tools (Chapters 2 and 3)

2. Use of survival analysis in GWAS by developing new methods and tools (Chapter 4 and 8)
3. Estimation of SNP-based heritability, and the extent to which it is explained by known genetic 

variants, by application of software tools (Chapters 5, 6, 7 and 8)
4. Better imputation and analysis of genome-wide data by applying novel methods (Chapter 7 and 8)

The Importance of Quality Control

The first step towards obtaining better results is to ensure the quality of the data you already have. Without 
QC, errors will propagate through the analysis pipeline, influencing results at every step. Although GWAS 
and EWAS have become familiar methods, they are still complex, multistep analyses with multiple 
occasions for introducing errors. In this respect, the size of an (epi-)genome-wide analysis is a downside: the 
sheer number of results, most of which are insignificant and therefore not meaningful, can hide systematic 
errors. That is why automated QC is essential: only a computer can evaluate the entire dataset, and do so 
consistently and thoroughly within a reasonable time-frame 1,2. For this reason we developed the software 
packages QCGWAS and QCEWAS (Chapters 2 and 3).

Another advantage of our automated quality-control software is that it allows you to compare data from 
multiple sources, since nowadays most GWAS/EWAS studies are meta-analyses that combine many GWAS/
EWAS results from different centres. Before the meta-analysis, it is particularly important to run a QC, to 
ensure that datasets from different sources are actually comparable. If one centre accidentally used an 
incorrect unit or transformation of the phenotype (for example if they forgot to convert the lipid concentration 
from milligram/decilitre to millimol/liter, or to log-transform the C-reactive protein levels before analysis), 
the resulting summary statistics will systematically differ from that of other centres 3. However, the overall 
distribution of the effect sizes does reflect the scale of the phenotype, so an error in the phenotype can be 
detected by comparing the range of effect sizes (preferably filtered for high quality, to exclude unreliable 
results) between results files 1,2. Note that studies with larger sample sizes, and hence more power, will yield 
more accurate effect estimations and thus present a distribution of effect sizes that will be visibly tighter. 
This is not a sign of incomparable phenotypes; it is the expected outcome. To help distinguish the effect of 
increased power from real deviations in phenotype scale, both QCGWAS and QCEWAS will sort the results 
on sample size when plotting the graph comparing the effect-size distribution. 
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As a third feature, QCGWAS and QCEWAS can remove bad entries and standardize the formatting of the 
output files, facilitating the meta-analysis. They also check the distribution of quality parameters, like 
Hardy-Weinberg equilibrium p-values and call rates, to see if these make sense. If they do not, this may 
indicate a formatting error, and columns may have been switched. Another sanity check is comparing the 
reported p-value with a p-value calculated from the effect size and standard error. These sometimes do not 
correspond, either because of formatting, rounding or due to an apparent bug in the analysis software 1,2.

Fourthly, QCGWAS checks marker alleles and allele frequencies against a reference file. Although, ideally 
speaking, all studies in a meta-analysis should use the same version of the human genome assembly and 
dbSNP release for imputation, this is not always the case 3. There are sometimes differences between SNPs 
of different builds (not the least in their strand orientation) and the allele check ensures that the correct 
alleles are compared with one another. In case of ambiguous SNPs (SNPs with either A/T or C/G as alleles, 
which will be mirrored on the opposite strand, making it impossible to determine the strand orientation), 
QCGWAS will compare the allele frequencies of ambiguous SNPs with a reference, and can correct those 
that are obviously inverted. Other ambiguous SNPs can be excluded. Fortunately, the wide-spread adoption 
of the 1000 Genomes reference panel, which standardizes the strand used for all variants, should reduce 
the need for this 4.

The most importantly QC step is to check the results for p-value inflation via QQ plots and calculating a 
genomic control lambda value 3,5. In brief: because the vast majority of genetic markers are not expected 
to be associated with the phenotype in question, their p-values should follow an uniform distribution. Both 
the  lambda and the QQ plot show how well the p-values actually follow this distribution. A handful of SNPs 
being more significant than the distribution is expected: these presumably are the truly associated markers, 
and therefore their p-values do not follow an uniform distribution. However, if large proportions of the 
dataset are more significant than expected, it indicates a modelling error. This is called p-value inflation, or 
oversignificance, and can originate from various sources, such as non-independent samples, technical bias 
or uncorrected population stratification 3. Insufficient QC can in extreme cases even lead to spurious results 
being published. A well-known case is the study by Sebastiani and colleagues, which was retracted after 
receiving severe criticism for, amongst other things, genotyping cases and controls on different platforms. 
The retraction attributed the positive findings to technical issues and inadequate quality control rather than 
true associations 6,7.

Finally, we attempted to make the QC procedures user-friendly, and wrote an extensive documentation, so 
that the packages are usable even by people with only a cursory understanding of R and QC.

However, there are also a few issues with both packages, QCGWAS in particular. The first is that they assume 
a continuous phenotype, meaning that the result estimates take the form of an effect size and standard 
error. In case of analysis of dichotomous phenotypes, which usually report odds ratios and confidence 
intervals, these will need to be transformed to a continuously distributed effect size in order to be processed 
by QCGWAS. This is easily accomplished by natural-log transformation, but we intend to automate this in 
future versions of the software.
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Secondly, the packages do not automatically correct problems (besides removing bad data); and offer no 
options for doing so. This was a design choice, intended to keep the packages simple and easy to use, and 
to avoid inadvertent corrections. However, this means that when a problem is encountered, the users either 
need to correct it themselves, or have to report it to the original analyst. One suggestion, made by Prins 8, 
was to include a positive-control option if available for the trait under study. QCGWAS could compare the 
results of the GWAS file under QC to previous results reported for example on the GWAS catalog website 9 
or from previous (consistent and replicated) candidate gene association studies. This would serve as a quick 
consistency check and may detect a multitude of problems.

Another suggestion by Prins 8, was to improve the strand-alignment checking of ambiguous SNPs. He 
suggested to check the alignment of such a SNP by comparing the results to nearby, non-ambiguous SNPs 
that are in LD. This is a worthwhile suggestion, but as said before, made less urgent by the wide-spread 
adoption of the 1000 Genomes reference panel 4 for imputation

However, the 1000 Genomes reference panel forms the fourth and most important issue for the current 
version of QCGWAS: the package was designed for HapMap-imputed GWASs, which means that it 
automatically rejects non-SNP markers. GWAS using 1000 Genomes imputed data also contain insertions 
and deletions, which are thus excluded by default. An updated version of QCGWAS is needed to fix this 
deficiency, but that leads to a further problem. Whereas HapMap-based results files typically contain 2.5 
to 3 million variants and take between 5 and 15 minutes and between 2 and 3 GB of RAM to run a QC on; 
1000 Genomes based results contain upwards of 8-30 million variants, taking over 40 minutes and 20 GB 
of RAM on a 64-bit PC. This is a consequence of the core R program: it handles large datasets by loading 
them into the memory in their entirety. The R language is also a scripting language, and therefore executes 
code more slowly than a programming language. However, it is possible to incorporate code written in the 
C++ programming language into R, and use parallel computing techniques 10, to speed up the package. In 
addition, there are R packages available that improve the memory usage for big datasets 11,12.

In conclusion, automated QC of GWAS and EWAS results files saves time both during the QC itself and by 
finding errors before they become a problem. It may even detect errors that would otherwise have gone 
unnoticed and reduced the quality of the research results. The QCGWAS and QCEWAS packages provide 
an easy-to-use method to run an automated and thorough QC. QCGWAS has been successfully applied by 
other researchers 13,14. For future versions of the packages, we intend to incorporate the simpler handling 
of case-control results and, for QCGWAS, data generated using more recent genome references. QCEWAS is 
already capable of processing the latest methylation array (Illumina MethylationEPIC BeadChip) assaying 
850,000 methylation sites, but it will benefit from faster processing and optimized memory usage. Finally, 
we will consider adding options that compare the reported effect sizes with those expected from earlier 
GWAS or EWAS, and more sophisticated strand checking through LD.

The Use of Survival Analysis in Genome-Wide Association Studies

Survival analysis is the name given to a category of statistical tests that deal with “censored data”. As the 
name implies, the typical use of survival analysis is to determine whether factor X influences the survival 
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time of patients with condition Y. However, survival analysis can be used for any time-to-event value: not 
just survival but also, for example, patient recovery or the onset of menopause. The difficulty with such 
phenotypes is that the starting or ending point of the time-to-event, or both, may be unknown. For example: 
we may not know when the disease started; only when it was diagnosed. Similarly, if the patient survived 
for the entire duration of the study, the end point is unknown. In such a case, we cannot simply use the 
end date of the study as the end point - the patient may have survived for many years after. This type of 
problem is known as censored data - the actual value is not known, but the interval in which it lies is. In the 
first example, the actual point lies somewhere before the date at which the disease was diagnosed, while in 
the second one the actual point is after the termination of the study. The benefits of using survival analysis 
for appropriate phenotypes in genome-wide analyses are straightforward: it allows for more accurate 
modelling of the phenotype, while at the same time conserving the sample size 15-17.In Chapter 8 we 
used survival analysis on a genome-wide level in order to associate genetic variants with age of initiation of 
cannabis use. Our analysis found one significant SNP and three significant genes, none of which had been 
identified by an earlier case-control analysis by the same consortium 18. This suggests that the age of onset 
is affected by different factors than cannabis usage. However, this inference is only tentative as we were 
unable to replicate our findings, presumably due to an underpowered replication stage.

A previous analysis in the same cohort had already investigated genetic effects on cannabis usage, as a 
dichotomous phenotype 18. However, a survival analysis generally offers more statistical power than a 
logistic model 19, presumably because it is a more accurate model of the phenotype. Strictly speaking, 
though, these two models analyse different phenotypes: a case-control analysis investigates the difference 
between those with and without the event at the end of the study, while a survival analysis investigates the 
time to the event. A case-control analysis also assumes that a control individual (e.g. a person who did not 
use cannabis) will never experience the event, while in fact he/she might do so after the end of the study. 
With survival analysis, the data of control individuals are treated as censored, allowing for the event to take 
place after the end of the study. This, however, relates to an often-overlooked caveat of survival analysis, 
namely that all unaffected subjects are treated similarly. In reality, these unaffected subjects may consist of 
two distinct groups: those that haven’t experienced the event yet, and those that will never experience the 
event. In a traditional survival analysis involving a terminal disease, this is obviously not an issue. However, 
in our analysis it is conceivable that there exists a qualitative difference between those that will never use 
cannabis, and those that started using it later in life (i.e. after the data were collected). There is a way to 
address this problem by combining a logistic and survival analysis (the cure survival model), but the added 
computational burden makes this unsuitable for genome-wide analyses 20. Thus, survival analysis is a viable 
method for GWAS analyses.

Another application of survival analysis is for biomarkers that are measured with an assay that has a limit of 
detection (LOD). Such data may also be regarded as censored data 17. We developed the R package lodGWAS 
to run a GWAS analysis for biomarkers with a LOD using survival analysis (Chapter 4). Although methods 
exists to deal with measurements outside of LOD 21,22, these generally involve either excluding samples 
outside of detection limit, or replacing them with a constant value (e.g. the actual LOD) 23. Measurements 
outside of LOD are inaccurate, but not invalid (i.e. they still indicate whether the effect is large or small, just 
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not how large or small). Removing these values, or replacing them with another inaccurate value, causes 
a loss of information, in particular when a substantial portion of the samples fall outside of LOD. However, 
as mentioned above, values outside of LOD can be viewed as censored data: the actual value is unknown 
but it falls within a known interval. Hence, they can be analysed using survival analysis 17. This results in 
more accurate modelling of the data while conserving the sample size, and can be used for any variable 
subject to LOD 15-17. Furthermore the above-mentioned caveat of the two distinct types of censored data in 
survival analysis does not apply, as we know that all samples have a real value for this biomarker.  As such, 
our package lodGWAS is a valuable addition to the available GWAS tools.

Methods to Estimate Heritability: Genetic Risk Scores, Polygenic Risk Scores and 
GREML-GCTA

Heritability is defined as the proportion of phenotypic variation that is due to genetics. In genetic 
epidemiology, often only the additive component of the total heritability is taken into account. This is 
called the “narrow-sense heritability” as opposed to the “broad-sense heritability”, which also includes non-
additive components such as dominance 24. In this thesis, we employed three methods to determine the 
part of the heritability that can be explained by genetic markers. Each method estimates a different subset 
of the total heritability. The methods are genetic risk scores (Chapter 5), polygenic risk scores (Chapters 7 
and 8) and genomic restricted maximum likelihood (GREML, Chapters 5 and 6).

Genetic risk scores (GRS) are calculated using significantly associated genetic markers known from previous 
GWASs 25,26. A GRS could be described as (an estimate of) the combined genetic effect on that trait, but 
including only genes that are genome-wide significantly associated. A polygenic risk score (PRS) is a GRS 
that also includes less-significant genetic markers. The hypothesis of a PRS is that truly associated genetic 
markers are still hidden in the noise, but have not been detected due to limited power. A PRS on a trait 
could be described as the combined genetic effect of all genes that may be associated. Finally, the GREML-
method from the Genome-wide Complex Trait Analysis (GCTA) software package does not look at the effect 
of individual SNPs, but instead uses genotyped or imputed genetic markers to calculate relatedness (i.e. 
the genetic similarity) between unrelated individuals, and then correlates the genetic similarity with 
phenotypic similarity 27,28. It tests the hypothesis that individuals who are genetically more closely related 
will also be phenotypically more similar. As the genetic relationship matrix is calculated from the genotyped 
SNPs on a DNA array, which typically does not contain rare variants, this method estimates the combined 
genetic effect of all common SNPs (common as opposed to rare variants), hence it is called common SNP 
heritability. This common SNP heritability can be taken as an upper bound of the amount of heritability that 
can be explained by the markers detectable through a GWAS 27,29.

Comparing the results of GRS, PRS and GREML-GCTA shows how much heritability has been accounted for, 
and how much is still to be found. In Chapter 5, we used GRS and GREML-GCTA to estimate the known and 
missing heritability of 32 complex traits in the Lifelines Cohort Study. As in earlier studies 27,29, we found 
that GRS accounted for only a fraction of the total common SNP heritability. This suggests that there are 
many common variants that are not (yet) identified by GWAS studies. This may be a consequence of the 
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restrictive nature of a GRS: only significant or replicated markers are included. Even large meta-analyses 
have only a limited power to detect less common variants, or those with small effect sizes. Based on this 
hypothesis, a polygenic risk score (PRS) analysis has been suggested, where the risk scores include a larger 
number of SNPs meeting increasingly more lenient significance thresholds. If a PRS accounts for a greater 
part of the total heritability than a GRS, this suggests that true associations are still hidden among the 
suggestive SNPs.

There are, however, two caveats to the heritability measured by the above methods. Firstly, all three methods 
model only the additive genetic effect (narrow-sense heritability) 28,30, so dominance or interactions between 
markers are not well modelled. Nevertheless, it has been argued that non-additive effects are less relevant 
in individuals that are not closely related 24. Furthermore, previous studies of complex traits have found 
no significant effects of dominance or interaction 28,31. This is confirmed by our own findings in chapter 5, 
where, using the same method as Zhu et al. 28, we found no significant dominance effects in the Lifelines 
cohort for any of the 32 complex traits analysed.

A second caveat is that all three methods rely on SNPs that are either assayed directly by a genotyping chip 
(which contain mostly, if not exclusively, common variants), or that are in linkage disequilibrium (LD) with 
such variants. The introduction of newer reference panels allows for the imputation of rarer SNPs, which 
has made this less of an issue for GRS and PRS, but the SNPs in Chapter 5 were all derived from the older 
HapMap reference. This applies particularly to GREML-GCTA, which only looks at common SNPs. Therefore, 
even when disregarding dominance, interaction and gene-gene effects, common SNP heritability is not the 
same as total heritability.

When estimating the heritability of height and BMI in the Lifelines Cohort Study (Chapter 5), the 
common SNP heritability accounted for 49% and 25%, respectively, of the phenotypic variability. While 
an improvement over earlier findings by Yang et al.  32, whom reported 42% and 16%, respectively, these 
values still fall short of the heritability estimates reported by twin and family studies (80-90% for height, 
42-80% for BMI). However, the same group recently adapted their GREML method to handle (imputed data 
based on) whole-genome sequencing data, including rare as well as common markers 33. They called this 
method linkage-disequilibrium and minor-allele-frequency stratified GREML, or GREML-LDMS. Application 
to height and BMI yielded heritability estimates of 56% and 27%, respectively, suggesting that there are 
indeed undetected low frequent genetic variants contributing to the heritability. On the other hand, they 
argue that family-based studies may overestimate the total heritability as a result of shared environmental 
effects, and that, therefore, the heritability gap is very small. This also implies that the majority of the 
missing heritability is likely accounted for by rare SNPs, rather than dominance or interaction effects. 
Similarly, Zaitlen et al. 31, using a method that combines closely and distantly related samples, reported 
lower heritability for multiple complex phenotypes than traditional structural equation modelling in family-
based studies. They also concluded that overestimation due to shared environment is responsible for (part 
of) the gap between common SNP heritability and family-based heritability estimates. The remainder is 
therefore more likely to be due to low frequency SNPs.

As a side note, we confirmed that the standard error of the heritability estimate of GREML-GCTA is strongly 
linked to sample size, being roughly equal to 300 divided by the sample size. As our EGCUT dataset in 
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Chapter 6, in which we estimated common SNP heritabilities for neuroticism and its underlying facets 
using GREML-GCTA, contained just over 3200 samples with phenotypes, this should result in a standard 
error of 9%. However, even in cohorts consisting of “unrelated” samples, GREML-GCTA still removes 15-
20% of the samples due to close genetic similarity. As such, and given that the final heritability estimates 
generally ranged between 5-20%, the starting sample size of 3200 samples was underpowered.

In conclusion, these methods contribute to our understanding of the genetic mechanisms behind complex 
traits, showing us where the remaining part of the heritability is likely to be found.

Genome Reference Panels: the 1000 Genomes Project

In both Chapters 7 and 8, we described a meta-analysis of GWASs using a new, larger genomic reference 
panel derived from the 1000 Genomes Project 4,34,35 for imputation. The benefits of using this panel have 
been briefly discussed in Chapter 7, but deserve more attention. The first, and most obvious, benefit is that 
the 1000 Genomes Project was based on sequencing the DNA of individuals rather than genotyping them 
and therefore includes more genetic markers. Particularly the imputation of rare variants is important, as 
rare SNPs likely account for a substantial part of the gap between heritability found in family-based studies, 
and heritability reported by GREML-GCTA (see above). In addition, more individuals were sequenced 
allowing for more accurate phasing of alleles.

Secondly, the 1000 Genomes Project included more ethnic groups than the previous HapMap reference 
panel. As allele frequencies vary between ethnicities, variants that are rare in one group may be common 
in another. Thus, more ethnic diversity allows for better characterization and phasing of these variants. In 
addition, the greater genetic diversity in African samples results in a larger number of haplotypes, making 
rare variants easier to impute 35.

A few caveats should be mentioned, though. Firstly, the ability to accurately capture structural variation still 
remains limited. Secondly, increasing the number of variants also adds to the multiple testing burden 35. 
Thirdly, from our experience (not discussed in the papers above), accurate imputation of rare variants still 
requires a sufficiently high-resolution DNA chip as a starting point. For example the Illumina CytoSNP chip 
used in Lifelines and TRAILS contained only 250,000 SNPs and produced usable GWAS results for only 8 
million SNPs in our analyses, a number that coincides with the number of common SNPs in the final build 
of 1000 Genomes. In other words, we could not impute the rare SNPs of the 1000 Genomes build because 
of the limited resolution of our DNA chip.

In conclusion, the 1000 Genomes reference allows for more accurate imputation of the genome than 
previous references and hence higher power to detect new genetic variants for complex traits.
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Future Perspectives

The recent boom in GWAS analyses has yielded a wealth of data, but also presents us with two further 
challenges. The first is that, despite the advances discussed in Chapter 5 and in the section on ‘Methods 
to Estimate Heritability: Genetic Risk Scores, Polygenic Risk Scores and GREML-GCTA’ above, a substantial 
chunk of the heritability of complex traits is still missing. Our challenge is how to find the remainder. 
The second challenge is to turn the data already collected into biological insight and clinically relevant 
applications.

What we have not found: missing heritability

As discussed above, there is reason to believe that most of the missing heritability is “hiding rather 
than missing” 29 and resides in rare variants 33. This means that it can be found with the current tools, if 
enough statistical power and a sufficiently high-resolution genome imputation are available. Both of these 
requirements are well understood by the scientific community, and addressing them is an ongoing effort.

The most straightforward method to increase power is by increasing the sample size. A common way to do 
this is by organizing a consortium of existing cohorts, and combining their results into a meta-analysis (as 
was done in Chapters 7 and 8). As the number of cohorts with data available on a specific phenotype is 
limited, the need for greater sample sizes may lead to consortia with a similar scope to join forces as well, 
for example the CARDIoGRAM and C4D consortia. Another way to increase sample size is by using electronic 
health records to supplement phenotype data 36.

The use of high-resolution genome references is also discussed above. Chapter 7 demonstrates the 
benefits of using the 1000 Genomes Reference over the older HapMap reference. However, the 1000 
Genomes Reference will be superseded itself by the Haplotype Reference Consortium project 37. Imputation 
using the data of the Haplotype Reference Consortium, which includes the 1000 Genomes dataset, has 
already been successfully applied in GWAS 38-40. In time, the cost of sequencing an entire genome may fall 
to a point where it becomes a feasible alternative to imputation. However, currently the combination of a 
high-resolution SNP array and imputation against a large reference dataset of fully sequenced genomes 
yields more statistical power for the same price 33. Alternatively, one can sequence only the coding parts of 
the genome (the exome), which detects genetic variants that may directly alter the protein structure. This is 
a cheaper alternative than whole-genome sequencing, although it will not detect any variants outside the 
exome, such as those that are involved in gene regulation.

However, we do want to caution that, in our experience, a high-resolution genome reference is less effective 
if the initial genotyping has been carried out on a low-resolution DNA chip. This is not necessarily a problem, 
but it does limit the value of the newer genome references for cohorts that carried out their genotyping with 
older SNP arrays.

In addition to increasing genome resolution, it may also be worthwhile to look at marker types that are 
ignored in conventional GWAS. One of the restrictions of conventional GWAS software is that it is designed 



180   |   Chapter 9 Discussion and future perspectives   |   181

9

for biallelic markers. However, there are various polyallelic markers known, most importantly copy number 
variants (CNV). CNV have already been associated with several traits 41,42, but, as yet CNV analyses are 
conducted separately from a standard GWAS. For GWAS to become truly comprehensive, it would need to 
incorporate these markers as well. Another often ignored part of the genome are the X- and Y-chromosomes. 
Part of this lies in the difference between allosomal and autosomal markers: the former have only one 
instance of a marker per male person. Imputation and GWAS software were initially not suitable for these 
chromosomes, as they expect two alleles per marker. Furthermore, statistical power is much lower (in 
particular for the Y chromosome, which is only present in men), which renders these analyses of little value 
unless sample sizes are very large.

What we have found: integration & big data

Besides finding the missing heritability, the main future challenge of genetic epidemiology is how to 
best utilize the data that are already collected. One obvious application is that of personalized predictive 
genomics. Unfortunately, the results discussed in Chapter 5 suggest that we cannot accurately predict 
complex traits yet. This is likely to remain a problem until we have made greater progress in eliminating 
the missing heritability.

Another important follow-up step is to focus on function, i.e., determining which genes in associated 
loci are responsible for the association with complex traits, and simultaneously the mechanisms through 
which these genes affect these traits. As the effects of a single marker are tiny, current methodological 
developments favour looking at the data as a whole rather than at single markers. For example, these days 
many GWAS are followed up by some form of gene-based or pathway analysis (as in Chapters 7 and 8). In 
a gene-based analysis SNPs are grouped based on their genes, followed by testing whether certain genes 
are enriched for significant and suggestive markers. A pathway analysis works similarly, but tests biological 
pathways for enrichment of genes.

The next step is to go beyond the genome-wide data and look at downstream markers to determine how 
genetic variants influence the phenotype. A genetic variant that was significant in GWAS is not likely to be 
the actual cause. Most likely, it is simply in LD with the causal variant. However even the location of the 
causal variant does not necessarily identify the responsible gene: it may be in a regulatory rather than 
coding region, which can affect genes some distance away. 

Solving this puzzle, and bringing the genotype and phenotype closer, will require integrating genomic, 
epigenomic and transcriptomic data, and possibly even intermediate outcomes such as proteomics and 
metabolite levels 43. As an example, in Chapter 7 of this thesis, we combined genetic and expression 
data to test if the significant markers from the GWAS are also associated with the expression of nearby 
genes. This method is known as expression quantitative trait loci (eQTL) analysis. The same methodology 
can be applied to methylation (mQTL), protein and even metabolite levels. However, this leads to another 
challenge: the availability of such data. Methylation and expression levels are tissue-specific. As such, they 
are usually only measured in a relatively small number of samples for the specific tissues of interest. Most 
larger databases of eQTL and mQTL data are based on whole blood. This makes it harder to find a suitable 
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cohort with the right tissue to run eQTL or mQTL analysis in. Also, few studies attempt to test every possible 
eQTL available to them, as it is time consuming and adds hugely to the multiple-testing burden. However, 
such QTL data might still be valuable to a researcher who is interested in a specific region or marker, and 
therefore doesn’t face this multiple-testing burden. It would be very beneficial if existing cohorts that 
combined genetic with expression and/or methylation data would run a full eQTL/mQTL analysis and make 
the results available to the public. This allows outside researchers to look up their own GWAS results for 
eQTL and mQTL. A good example of this would be the GTEx Consortium, which was founded for this purpose 
and has made eQTL data of multiple tissues available 44.

The above, however, leads to a further problem: the increasing size of the datasets and results files. It is 
already infeasible to run a GWAS on a desktop PC; a computer cluster is required to analyse a dataset 
imputed with 1000 Genomes data within a reasonable time-frame. In order to deal with future massive 
datasets, the field of genetic epidemiology will likely have to employ the methods used by commercial 
companies working with big data. A commonly used method is the open source platform Hadoop to store 
and manage data. It functions by splitting the dataset into small chunks and moving the process to the 
data rather than the other way round. A similar issue is faced by biobanks: for a variety of reasons (privacy, 
data protection, network load) it is undesirable that researchers simply download the entire dataset from 
their server, and run the analysis on their own computer. The solution is for the biobank to set up their own 
computer environment which the researcher can access from a distance to run his analysis locally. This 
allows for the data (and hence the patient privacy) to be protected and reduces the network load. However, 
it also requires an investment of time and money to create this environment and maintain it. As scientific 
methods are constantly being updated, the environment needs to be flexible enough that a researcher can 
run non-standard tools. The data itself also need to be accessible and well-documented.

As an alternative to dealing with the ever-increasing file- and sample-size requirements, various software 
tools are under development that bypass the need for individual-level genome-wide data by using (meta-) 
GWAS summary statistics. For example, the LD score regression methods 45,46 combines the results of a 
GWAS with the LD score (the amount of genetic variation that is tagged by an individual marker) to calculate 
the heritability of a single trait, or the genetic correlation between two traits (that is: the proportion of 
variance the two traits share due to genetic causes). If two traits are genetically highly correlated, it could be 
worthwhile to combine the available data for these traits in a multivariate analysis to improve power and 
find more (shared) genes for both traits.

LD can also be employed to detect secondary variants in GWAS summary statistics 47. A secondary variant is a 
genome-wide significant marker that is not in (strong) LD with another significant marker and whose effect 
is therefore (in part) independent of that marker. More recently, it has been proposed to use haplotypes 
rather than LD 48, which should aid in the identification of multiple causal variants within the same LD block. 
These secondary variants could then be treated in a similar way as the primary variants, i.e., help identify the 
underlying causal gene and when added to genetic risk scores explain more of the phenotypic variation. 

Another useful tool that makes use of GWAS summary statistics is the R package TwoSampleMR, which 
was developed for Mendelian Randomization (MR) analyses. This approach uses genetic variants in 
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observational epidemiology to make causal inferences about modifiable risk factors for disease and health-
related outcomes. The main rationale in Mendelian randomization is that, if a risk factor or biomarker is 
causally related to a disease outcome, a genetic variant or GRS that is known to be associated with the 
biomarker should have a similar relation to the outcome as the supposedly causal marker itself. The 
developers of TwoSampleMR also set up a website MRBase.org ,where researchers can run MR analysis 
using their own GWAS summary statistics and/or published GWAS results 49. This allows researchers to test 
the causal effects of biomarkers such as CRP on disease outcomes through using the GWAS-identified SNPs 
as instrumental variables 50. Other promising methods exist that impute expression levels based on GWAS 
summary statistics, bypassing the need to collect expression data, in order to analyse the relation between 
gene expression and the phenotype of interest 51-53.

In conclusion, methods using GWAS summary statistics will become increasingly popular to integrate data 
from different sources in order to unravel the aetiology of complex diseases.

Conclusion

The purpose of this thesis was to develop and apply novel ways to obtain more and higher-quality results 
from genome-wide association data. We approached this from four different angles: QC of GWAS and EWAS 
results, use of survival analysis in GWAS, estimation of common-SNP heritability of complex traits, and 
the use of a more detailed reference genome for imputation. As such, the current thesis has attempted 
to contribute to genome-wide association analyses by altering the balance between brute force and 
sophistication in favour of the latter.
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Summary

In the current thesis, we looked at ways to improve the quality, rather than quantity, of the results of genome-
wide association analyses. We sought to develop and apply novel ways to obtain more and higher-quality 
results. In the first part of this thesis, we describe three software tools for (epi-)genome-wide association 
analyses. The second part concerns the application of novel software tools and statistical methods to analyse 
genome-wide datasets.

Chapter 2 and 3 described QCGWAS and QCEWAS, R packages that automate the quality control 
of genome- and epigenome-wide association study (GWAS and EWAS) results files, respectively. The 
advantages of these packages are that they perform a thorough and comprehensive quality control (in less 
time than it would take to do even a simple manual check); are flexible, allowing for a great deal of user 
customization; and can generate ready-made files for a meta-analysis, as well as performing various checks 
to ensure that the files are compatible.

Chapter 4 described lodGWAS, which is an R package for genome-wide analysis of phenotypes such as 
biomarkers with a limit of detection (LOD). Although there are alternative methods for analysing biomarkers 
with a LOD in a GWAS, these generally rely on fixing or excluding measurements beyond the LOD. By using 
a survival analysis, and treating these measurements as censored data, lodGWAS can accurately model the 
biomarker, without the loss of information associated with the other methods. lodGWAS is flexible and easy 
to use, providing a simple and elegant way for GWAS analysis of biomarkers with a LOD.

In chapter 5 we used genetic risk scores (GRS) and genomic restricted maximum likelihood (GREML) 
methods to estimate the amount of common SNP heritability accounted for by the known genetic markers, 
and the amount that is still missing, for 32 complex disease traits in the Lifelines cohort. The majority 
of previously-associated single-nucleotide polymorphisms (SNPs) (median = 75%) were significantly 
associated with their respective traits. Both the GRSs and the broad-sense common-SNP heritability 
estimates were significant for all traits, with weighted GRSs generally explaining more variance than 
unweighted ones. However, the variance explained by the weighted GRSs accounted for only 10.7%, on 
average, of the common-SNP heritabilities of the 32 complex disease traits. Dominance effects of common 
SNPs were small and not significant for any of the traits. In terms of clinical relevance, this demonstrated 
that the GRSs of these complex disease traits are not yet accurate enough to be used for personalized 
predictive medicine. In terms of methodology, an important innovation presented in this chapter was the 
tool that we developed to remove the effect from a specific cohort from an effect size calculated in a meta-
analysis that included results from that same cohort. Using the effect size without this correction in the GRSs 
would have caused inflated results, as we would be validating the effect size in (part of) the same data that 
had been used to estimate it in the first place. Our tool allowed us to use corrected effect sizes and apply the 
GRSs to Lifelines without overestimating the proportion of trait variance explained. 

In chapter 6, we used GREML to investigate in the Estonian Biobank (EGCUT) and Dutch Lifelines cohorts 
how much of neuroticism’s heritability can be explained by common SNPs. We looked not only at the overall 
neuroticism score, but also at neuroticism facet scores, residual scores, and self-reported neuroticism vs. 
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neuroticism reported by a spouse, relative or friend. In addition, we tested for differences between the 
two cohorts through a gene-environment interaction analysis, where the cohort was considered as the 
environmental factor. In EGCUT, heritability estimates for self-reported neuroticism (both domain and facet) 
ranged from 0.08 to 0.20, but only the impulsiveness facet (h2 = 0.20) was significant. In Lifelines all 
estimates (0.07-0.16) were significant except for the impulsiveness facet (h2 = 0.03). Heritability estimates 
for residual scores or neuroticism reported by a spouse, relative or friend (both of which were only available 
in EGCUT) were not significant. The lack of significant findings can be at least partially attributed to the 
small sample size of EGCUT, which rendered it somewhat underpowered for the analysis. Finally, we used 
a new technique available in GREML to carry out a gene-environment interaction analysis to determine 
whether there were differences between the two cohorts. No significant interactions were found except for 
the impulsivity facet, where the inclusion of the interaction reduced the heritability estimate common to 
both populations to near zero (h2 = 0.001, n.s.).

Chapter 7 described a large-scale meta-GWAS of kidney function, quantified as the estimated glomerular 
filtration rate (eGFR), using a new genome reference panel, the 1000 Genomes project, for imputation. 
The study replicated 39 previously identified loci, and found 10 novel loci, six of which were not tagged 
by previous imputation panels. This demonstrates the benefits of using a more detailed reference panel 
for imputation. In addition, we calculated polygenic risk scores to determine whether there are additional 
associated genetic variants that could not be identified in our GWAS due to limited statistical power to 
detect small effects. The polygenic risk score analysis was applied in the TRAILS and NESDA cohorts and 
explained a maximum of 2.2% of variance in eGFR.

In chapter 8, we combined a traditional survival analysis with GWAS, and performed a meta-analysis of such 
GWASs to find genetic markers related to the age of initiation of cannabis use. A single locus (containing 
five significant SNPs) was found in the Calcium-transporting ATPase (ATP2C2) gene. Gene-based tests also 
identified ATP2C2, as well as ECT2L and RAD51B. Unfortunately, the lead SNP in ATP2C2 could not be 
replicated in a small replication sample (n = 4,478), but it remained significant in the combined analysis. 
Tests of SNP-based heritability and polygenic risk scores did not yield significant results.

Finally, chapter 9 provided a general discussion of the novel tools and methods described in this thesis. 
Taken together, these methods allow researchers to run more sophisticated, rather than simply larger, 
genome-wide analyses.

In future, we expect that there will be two main challenges for the field of Genetic Epidemiology. The first 
is to find the remaining missing heritability. Before the availability of whole exome or genome sequencing 
data becomes widespread this will likely be primarily accomplished by means of array based GWASs with 
larger sample sizes and imputed against more detailed reference genome panels. The second challenge 
is how to effectively leverage the vast amounts of omics data already collected to determine the functional 
mechanisms of the identified genetic association effects. Unfortunately, the sheer size of the genome-wide 
datasets is a problem in itself, in terms of both collecting and analysing the data. However, here too there 
are solutions, for example the use of genome-wide summary statistics as a substitute for individual-level 
data when investigating downstream effects. These methods are another example of employing more 
sophisticated methods, rather than larger datasets, to do genetic-epidemiologic research.
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Samenvatting

In dit proefschrift onderzochten wij methodes om de kwaliteit van de resultaten van genoom-brede 
associatie analyses te verbeteren. Wij streefden naar de ontwikkeling en toepassing van nieuwe methodes 
om zo resultaten van hogere kwaliteit te verkrijgen. Het eerste deel van dit proefschrift beschrijft drie 
computerprogramma’s voor de (epi-)genoom-brede associatie analyses. Het tweede deel omvat de 
toepassing van nieuwe computerprogramma’s en statistische methodes in de analyse van genoom-brede 
datasets.

Hoofdstukken 2 en 3 beschreven QCGWAS en QCEWAS, twee software pakketten op basis van het R 
platform. QCGWAS en QCEWAS kunnen een geautomatiseerde kwaliteitscontrole uitvoeren over de 
resultaten van, respectievelijk, genoom- en epigenoom-brede associatie studies (Engelse afkortingen: 
GWAS en EWAS). Het gebruik van deze programma’s biedt de volgende voordelen: ze voeren een grondige 
en volledige kwaliteitscontrole uit (in minder tijd dan zelfs een eenvoudige, handmatige controle zou 
kosten), ze zijn flexibel in gebruik en kunnen voor verschillende toepassingen aangepast worden, ze 
kunnen testen of de resultaten voldoende compatibel zijn voor gebruik in een meta-analyse, en ze maken 
kant-en-klare bestanden voor zo’n analyse aan.

Hoofdstuk 4 beschreef lodGWAS, een R software pakket voor genoom-brede associatie analyse van 
fenotypes zoals biomarkers met een detectie limiet (in het Engels “limit of detection”, LOD). Er zijn 
reeds bestaande methodes voor de analyse van biomarkers met een LOD, maar deze werken meestal 
door waardes buiten het LOD te verwijderen of op een vaste waarde te zetten. Door het gebruik van een 
survival analyse, en door deze metingen als gecensureerde data te behandelen, kan lodGWAS ze accuraat 
modelleren, zonder het verlies van informatie dat plaatsvind in de bestaande methodes. lodGWAS is een 
flexibel en eenvoudig te gebruiken programma met een simpele en elegante methode voor het uitvoeren 
van GWAS analyse van biomarkers met een LOD.

In hoofdstuk 5 gebruikten we genetische risico scores (GRS) en genomic restricted maximum likelihood 
(GREML) methodes om te schatten welke proportie van de totale erfelijkheid kan worden toegeschreven 
aan reeds-bekende genetische markers, en hoeveel er nog onverklaard is, voor 32 complexe ziekte-
gerelateerde fenotypes in het Noord-Nederlandse Lifelines cohort. De GRS is een optelsom van het effect van 
alle reeds-bekende enkel-nucleotide polymorfismen voor dat fenotype. (Enkel-nucleotide polymorfisme is 
de naam voor een genetische variatie op één enkele letter (nucleotide) in het DNA. In het Engels heet 
het “single nucleotide polymorphism”, afgekort tot SNP.) De GREML methode schat de zogeheten “brede 
common-SNP erfelijkheid”, d.w.z. de proportie van de erfelijkheid die kan worden toegeschreven aan alle 
(bekende en onbekende) niet-zeldzame SNPs. Zoals verwacht was het merendeel (mediaan = 75%) van de 
reeds-bekende SNPs significant geassocieerd met hun respectievelijke fenotype. Zowel de GRS als de brede 
common-SNP erfelijkheidsschattingen waren significant voor alle fenotypes. De schatting van de GRS was 
echter gemiddeld slechts 10,7% van de schatting van brede common-SNP erfelijkheid. Dit toont aan dat 
de GRS van deze complexe ziekte-gerelateerde fenotypes nog niet nauwkeurig genoeg zijn om gebruikt 
te worden voor persoonlijke medisch-genetische voorspellingen. Voor dit onderzoek ontwikkelden wij 
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ook een innovatieve methode om het effect van een specifiek cohort te verwijderen uit een effectgrootte 
berekend in een meta-analyse die datzelfde cohort omvatte. Indien we deze effectgrootte zonder correctie 
in onze GRS gebruikt zouden hebben, dan zou dat tot een overschatting hebben geleid, aangezien we de 
effectgrootte dan valideren in (een deel van) dezelfde data waarmee het in eerste instantie geschat was. 
Onze methode staat ons toe om gecorrigeerde effectgroottes te gebruiken in de GRS, en deze in Lifelines te 
analyseren zonder dat de verklaarde variantie overschat wordt.

In hoofdstuk 6 gebruikten we GREML om in het Estse Biobank cohort (EGCUT) en het Noord-Nederlandse 
Lifelines cohort te onderzoeken welke proportie van de erfelijkheid van neuroticisme toegeschreven kan 
worden aan niet-zeldzame SNPs. Wij keken hierbij niet alleen naar de totale neuroticisme score, maar 
ook naar facetscores van neuroticisme en naar residuale scores. Verder vergeleken we neuroticisme 
scores gerapporteerd door het individu zelf met scores gerapporteerd over het individu door een 
echtgenoot, verwante of bekende. Als laatste keken wij ook naar verschillen tussen de twee cohorten 
door middel van een gen-omgeving interactie analyse, waar het cohort als omgevingsfactor diende. In 
EGCUT vonden we erfelijkheidsproporties voor neuroticisme scores (zowel op domein als facet niveau) 
tussen 0,08 en 0,20, maar enkel het facet impulsiviteit (h2 = 0,20) was statistisch significant. In Lifelines 
waren alle erfelijkheidsproporties (0,07-0,16) significant, met uitzondering van impulsiviteit (h2 = 0,03). 
Erfelijkheidsschattingen voor residuale scores en neuroticisme scores gerapporteerd door echtgenoot, 
verwante of bekende (deze scores waren enkel beschikbaar in het EGCUT cohort) waren allen niet statistisch 
significant. Het gebrek aan significante bevindingen kan tenminste deels worden toegeschreven aan de 
beperkte grootte van de EGCUT dataset, waardoor de analyse niet voldoende onderscheidend vermogen 
had. Als laatste gebruikte wij een nieuwe methode in GREML om een gen-omgeving interactie analyse 
uit te voeren, waarmee we onderzochten of er verschillen waren tussen de twee cohorten. We vonden 
geen significante interacties, behalve voor impulsiviteit, waar de toevoeging van een interactie de cohort-
onafhankelijke erfelijkheidsproportie tot nagenoeg nul reduceerde (h2 = 0,001, n.s.).

Hoofdstuk 7 beschrijft een grootschalige meta-GWAS van nierfunctie, gekwantificeerd als de geschatte 
glomerulaire filtratiesnelheid (in het Engels: estimated glomerular filtration rate, eGFR), waarbij gebruik 
werd gemaakt van een nieuw referentie genoom, het 1000 Genomes Project, voor de genetische imputatie. 
De analyse bevestigde 39 eerder-gevonden loci, en identificeerde 10 nieuwe loci, waarvan er zes niet door 
het oudere referentie genoom gevonden zouden kunnen worden. Dit toont de voordelen van het gebruik 
van een gedetailleerder referentie genoom aan. Daarnaast berekenden we polygene risico scores om te 
bepalen of er geassocieerde loci zijn die niet in deze analyse geïdentificeerd konden worden (als gevolg 
van een beperkt statistisch onderscheidend vermogen voor varianten met kleine effecten). De polygene 
risico score werd uitgevoerd in de TRAILS en NESDA cohorten en verklaarde een maximum van 2,2% 
variantie in de eGFR.

In hoofdstuk 8 combineerden wij een traditionele survival analyse met GWAS, en voerden wij een meta-
analyse over zulke GWAS uit. Wij zochten naar genetische markers geassocieerd met de leeftijd waarop 
men begint met het gebruik van cannabis. Een enkele locus met vijf significante SNPs werd gevonden 
in het Calcium-transporting ATPase (ATP2C2) gen. Een gene-based associatie test identificeerde dit gen 
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ook, plus nog twee anderen (ECT2L en RAD51B). Helaas kon de meest significante SNP in ATP2C2 niet 
gerepliceerd worden in ons kleine replicatie sample (n = 4.478), maar het was nog steeds significant in de 
gecombineerde analyse. Een SNP-gebaseerde erfelijkheidstest en een polygene risico score vonden geen 
significante resultaten.

Hoofdstuk 9 is een algemene discussie van de nieuwe programma’s en methodes beschreven in dit 
proefschrift. Deze methodes maken het mogelijk om een kwalitatief betere genoom-brede analyse uit te 
voeren, in plaats van het simpelweg vergroten van de datasets.

We verwachten dat er in de toekomst twee grote uitdagingen zijn voor de Genetische Epidemiologie. De 
eerste is om de overgebleven ontbrekende erfelijkheid te vinden. In afwachting van de beschikbaarheid van 
volledige exoom of genoom-sequencing datasets zal dit waarschijnlijk plaatsvinden middels de huidige 
array-gebaseerde GWAS methodes, met grotere sample sizes en geïmputeerd tegen gedetailleerdere 
genoom referentie datasets. De tweede uitdaging is hoe we de enorme hoeveelheid aan reeds-
beschikbare omics data effectief gebruiken om de mechanismen van reeds-geïdentificeerde genetische 
effecten te bepalen. Helaas vormt de grootte van genoom-brede datasets een probleem op zich, zowel in 
het verzamelen als in het analyseren van de data. Er zijn echter ook hier oplossingen, zoals bijvoorbeeld 
het gebruik van de uitkomsten van (epi-) genoom-brede analyses (de zogeheten “summary statistics”) 
als proxy voor individuele genetische data. Dit is ook weer een goed voorbeeld van de toepassing van 
geavanceerdere methodes, in plaats van het gebruik van grotere datasets, om genetisch-epidemiologisch 
onderzoek te doen.



Acknowledgments   |   193



Acknowledgments   |   193

Acknowledgments

The first question that occurred to me when writing the acknowledgments was: which language do I use? It 
ended up being a mix of English and Dutch. This is probably a reflection of how uncomfortable I feel writing 
this, but I am going to try anyway. Writing a PhD thesis has been a lifelong ambition, and many people 
helped me, in large and small ways, to achieve this. Without some of them, I would never have arrived at 
this point. Therefore, I must take this opportunity to state how grateful I am.

In de eerste plaats: mijn promotor, Harold Snieder, die mij 6 jaar geleden een kans gaf om op zijn afdeling 
te werken, en die het mogelijk gemaakt heeft om mijn werk om te zetten in een PhD project. Zonder hem 
zou dit proefschrift er nooit geweest zijn.

Ten tweede, promotor Pim van der Harst, die samen met Harold mij de kans heeft gegeven om een PhD 
traject te volgen, en voor de discussies en suggesties die hebben geholpen mijn proefschrift vorm te 
gegeven.

Ten derde, co-promotor Ilja Nolte, voor haar behulpzaamheid en geduld voor het waarschijnlijk ontelbare 
aantal vragen die ik aan haar gesteld heb.

I also would like to thank the reading committee: professor Bakker, professor Wit, and professor Realo: 
thank you for your efforts in reading and evaluating my thesis, and for your very kind words. In particular, I 
want to thank Anu Realo for the fruitful discussions, despite the technical setbacks, during our research on 
the heritability of neuroticism. 

Dan zijn er ook de leraren die mij als scholier hebben begeleid: dhr. Ferrari, door wie ik de exacte 
wetenschappen ben gaan waarderen, en mevr. Don en dhr. Steenbergen, die aan mijn jongere zelf hebben 
getoond wat de waarde van analytisch denken was.

Tijdens mijn tijd als student heb ik veel ondersteuning ontvangen van dr. Anke van Trigt en professor Erik 
Boddeke, zeker tijdens het moeilijke laatste jaar van de master opleiding. Mijn dank ook aan professor Uli 
Eisel, die me de gelegenheid gaf om een extra project te doen en daar zelfs een review paper van te maken. 
Ook wil ik graag Simon Verhulst bedanken, op wiens afdeling ik enkele jaren heb kunnen werken en waar 
ik begon met het herleren van statistiek en programmeren.

And, of course, a great many thanks to Jana van Vliet-Ostaptchouk and to my fellow students Ahmad 
Vaez, Bram Prins, Loretto Munoz, Bin Wang, Azmeraw Amare, Fahimeh Falahi and Eliza Walaszczyk, for 
helping me out, listening to my ideas, and occasionally putting up with my moods. Special thanks go to 
my paranymphs Anna Neustaeter, for her advice during the final stage of my PhD, and Chris Thio, for his 
frequent feedback and for the last-minute, late-evening read-through of my thesis, and of course for being 
there on the day of the defence to support me. 

Verder mijn dank aan Menno Oosterhoff en Anne-Fleur Stapert voor hun ondersteuning tijdens de moeilijke 
laatste maanden van dit proefschrift.



194   |   Acknowledgments Curriculum vitae   |   195

Als laatste, mijn familie. Gerrit en Kristien wil ik bedanken voor hun eindeloze ondersteuning, en omdat ze 
altijd met me wilden praten (zelfs wanneer ik dat juist niet wilde). Mijn zus Laura, bij wie ik mezelf kan zijn, 
en omdat ze geduld met me heeft, ook wanneer ik haar op de zenuwen werk. En uiteindelijk, Miebet, voor 
haar betrokken contact en positieve instelling, zelfs wanneer ze het erg zwaar had.



Curriculum vitae   |   195

Curriculum Vitae
Peter Johannes van der Most
Born: July 26th 1984, Amsterdam, the Netherlands

Education

September 2005 t/m April 2008 Research master Behavioural & Cognitive Neuroscience, 
track neurobiology, at the University of Groningen (RUG)

September 2002 t/m July 2005 Bachelor Life Science & Technology, track molecular medical 
cell-biology, at the RUG (first year Cum Laude)

September 1996 t/m July 2002 Secondary education (Atheneum, tracks physics & technology and 
physics & health) at C.S.G. Vincent van Gogh in Assen. Final project 
“Fever: a heated battle between pathogens, immune cells and 
scientists” nominated for the Jan Kommandeurs trophy of the RUG 
and the Hanze Hogeschool Groningen (12 April 2002).

Working experience

May 2011 to present day Genome-wide association studies for various consortia and creation 
of R software packages for the quality control and running of such 
analyses, at the department of Genetic Epidemiology of the University 
Medical Centre Groningen under prof. H. Snieder.

February 2009 to April 2011 Meta-analyses on survival and reproduction of birds at the department 
of Behavioural Biology of the RUG under prof. S. Verhulst.

September 2008 t/m January 2009 Literature research into intergroup-aggression in primates at 
the department of Theoretical Biology of the RUG under prof. C. 
Hemelrijk.

September 2007 t/m March 2008 Literature research on the neuroprotective properties of statins at the 
department of Molecular Neurobiology of the RUG under dr. A.M. 
Dolga, dr. I. Nijholt & dr. U.L.M. Eisel.

January 2006 t/m June 2007 Research on the effect of chemotherapy on the neurogenesis in rats 
at the department of Animal Physiology of the RUG under drs. R. 
Seigers & dr. B. Buwalda.

February 2005 t/m May 2006 Research on the effect of corticosteroids and serotonin on the stress-
response and habituation in rats at the department of Biological 
Psychiatry of the RUG under drs. M.A.C. Tanke, drs. B. Doornbos & 
prof. J. Korf.



196   |   Research output Research output   |   197

Research output

Software packages
• QCGWAS: an R package for automated quality control (QC) of the results of genome-wide 

association studies (GWAS)
https://cran.r-project.org/web/packages/QCGWAS

• QCEWAS: an R package for automated quality control (QC) of the results of epigenome-wide 
association studies (EWAS)
https://cran.r-project.org/web/packages/QCEWAS

• lodGWAS: an R package for performing GWAS analysis over biomarkers with a limit of detection 
(LOD)
https://cran.r-project.org/web/packages/lodGWAS

Publications
Neumann A., Direk N., Crawford A.A., Mirza S., Adams H., Bolton J., . . . Tiemeier H. (2017). The low single 

nucleotide polymorphism heritability of plasma and saliva cortisol levels. Psychoneuroendocrinology, 
Epub ahead of print.

Wain L.V., Vaez A., Jansen R., Joehanes R., van der Most P.J., Erzurumluoglu A.M., . . . Ehret G.B. (2017). Novel 
Blood Pressure Locus and Gene Discovery Using Genome-Wide Association Study and Expression 
Data Sets From Blood and the Kidney. Hypertension, Epub ahead of print.

Nolte I.M., Munoz M.L., Tragante V., Amare A.T., Jansen R., Vaez A., . . . de Geus E.J.C. (2017). Genetic loci 
associated with heart rate variability and their effects on cardiac disease risk. Nature Communications, 
8:15805.

van der Most P.J., Gorski M., Teumer A., Chu A.Y., Li M., Mijatovic V., . . . Fuchsberger C. (2017). 1000 
Genomes-based meta-analysis identifies 10 novel loci for kidney function. Scientific Reports, 7:45040

Graff M., Scott R.A., Justice A.E., Young K.L., Feitosa M.F., Barata L., . . .  Kilpeläinen T.O. (2017). Genome-
wide physical activity interactions in adiposity - A meta-analysis of 200,452 adults. PLoS Genetics, 
13(4):e1006528

Justice A.E., Winkler T.W., Feitosa M.F., Graff M., Fisher V.A., Young K., . . . Cupples L.A. (2017). Genome-wide 
meta-analysis of 241,258 adults accounting for smoking behaviour identifies novel loci for obesity 
traits. Nature Communications,8:14977.

Böger, C.A., Gorski, M., McMahon, G.M., Xu, H., Chang, Y.C., Van der Most, P.J., . . . Cohen, D.M. (2017). 
NFAT45 and SLC4A10 are genetic loci regulating plasma osmolality. Journal of the American Society 
of Nephrology, 28(8):2311-2321.

Van der Most, P.J., Nolte, I.M., Alizadeh, B.Z., De Bakker, P.I., Boezen, H.M., Bruinenberg, M., . . . Snieder, H. 
(2017). Missing heritability: is the gap closing? An analysis of 32 complex traits in the Lifelines Cohort 
Study. European Journal of Human Genetics, 25(7):877-885.

Van der Most, P.J., Küpers, L.K., Snieder, H., Nolte, I.M. (2017). QCEWAS: automated quality control of 
results of epigenome-wide association studies. Bioinformatics, 33(8):1243-1245.

https://cran.r-project.org/web/packages/QCGWAS
https://cran.r-project.org/web/packages/QCEWAS
https://cran.r-project.org/web/packages/lodGWAS


Research output   |   197

Realo, A., van der Most, P.J., Allik, J., Esko, T., Jeronimus, BF., Kööts-Ausmees, L., . . . Ormel, J. (2017). SNP-
Based Heritability Estimates of Common and Specific Variance in Self- and Informant-Reported 
Neuroticism Scales. Journal of Personality, published online February 2017.

Barban, N., Jansen, R., de Vlaming, R., Vaez, A., Mandemakers, J. J., Tropf, F. C., . . . LifeLines Cohort Study. 
(2016). Genome-wide analysis identifies 12 loci influencing human reproductive behavior. Nature 
Genetics, 48(12), 1462-1472. 

Ried, J. S., Jeff, J. M., Chu, A. Y., Bragg-Gresham, J. L., van Dongen, J., Huffman, J. E., . . . Loos, R. J. F. (2016). 
A principal component meta-analysis on multiple anthropometric traits identifies novel loci for body 
shape. Nature Communications, 7, 13357. 

Middeldorp, C.M., Hammerschlag, A.R., Ouwens, K.G., Groen-Blokhuis, M.M., St Pourcain. B., Greven, C.U., . 
. . Boomsma, D.I. (2016). A Genome-Wide Association Meta-Analysis of Attention-Deficit/Hyperactivity 
Disorder Symptoms in Population-Based Pediatric Cohorts. Journal of the American Academy of Child 
& Adolescent Psychiatry, 55(10), 896-905.

Otowa, T., Hek, K., Lee, M., Byrne, E. M., Mirza, S. S., Nivard, M. G., . . . Hettema, J. M. (2016). Meta-analysis 
of genome-wide association studies of anxiety disorders. Molecular Psychiatry, 21(10), 1391-1399. 

van Leeuwen, E. M., Sabo, A., Bis, J. C., Huffman, J. E., Manichaikul, A., Smith, A. V., . . . CHARGE Lipids 
Working Grp. (2016). Meta-analysis of 49 549 individuals imputed with the 1000 genomes project 
reveals an exonic damaging variant in ANGPTL4 determining fasting TG levels. Journal of Medical 
Genetics, 53(7), 441-449. 

Okbay, A., Baselmans, B. M. L., De Neve, J., Turley, P., Nivard, M. G., Fontana, M. A., . . . LifeLines Cohort 
Study. (2016). Genetic variants associated with subjective well-being, depressive symptoms, and 
neuroticism identified through genome-wide analyses. Nature Genetics, 48(6), 624-+. 

Okbay, A., Beauchamp, J. P., Fontana, M. A., Lee, J. J., Pers, T. H., Rietveld, C. A., . . . LifeLines Cohort Study. 
(2016). Genome-wide association study identifies 74 loci associated with educational attainment. 
Nature, 533(7604), 539-+. 

Vaez, A., van der Most, P. J., Prins, B. P., Snieder, H., van den Heuvel, E., Alizadeh, B. Z., & Nolte, I. M. (2016). 
lodGWAS: A software package for genome-wide association analysis of biomarkers with a limit of 
detection. Bioinformatics, 32(10), 1552-1554. 

Stringer, S., Minica, C. C., Verweij, K. J. H., Mbarek, H., Bernard, M., Derringer, J., . . . Vink, J. M. (2016). 
Genome-wide association study of lifetime cannabis use based on a large meta-analytic sample of 
32330 subjects from the international cannabis consortium. Translational Psychiatry, 6, e769. 

Pattaro, C., Teumer, A., Gorski, M., Chu, A. Y., Li, M., Mijatovic, V., . . . ECHOGen Consortium. (2016). Genetic 
associations at 53 loci highlight cell types and biological pathways relevant for kidney function. 
Nature Communications, 7, 10023. 

Winkler, T. W., Justice, A. E., Graff, M., Barata, L., Feitosa, M. F., Chu, S., . . . MAGIC Consortium. (2015). 
The influence of age and sex on genetic associations with adult body size and shape: A large-scale 
genome-wide interaction study. Plos Genetics, 11(10), e1005378. 

Joshi, P. K., Esko, T., Mattsson, H., Eklund, N., Gandin, I., Nutile, T., . . . BioBank Japan Project. (2015). 
Directional dominance on stature and cognition in diverse human populations. Nature, 523(7561), 
459-U176. 



198   |   Research output Other SHARE dissertations   |   199

Damman, J., Bloks, V. W., Daha, M. R., van der Most, P. J., Sanjabi, B., van der Vlies, P., . . . Seelen, M. A. 
(2015). Hypoxia and complement-and-coagulation pathways in the deceased organ donor as the 
major target for intervention to improve renal allograft outcome. Transplantation, 99(6), 1293-1300. 

Riese, H., Munoz, L. M., Hartman, C. A., Ding, X., Su, S., Oldehinkel, A. J., . . . Snieder, H. (2014). Identifying 
genetic variants for heart rate variability in the acetylcholine pathway. Plos One, 9(11), e112476. 

Vimaleswaran, K. S., Cavadino, A., Berry, D. J., Jorde, R., Dieffenbach, A. K., Lu, C., . . . Global Blood Pressure 
Genetics Gl. (2014). Association of vitamin D status with arterial blood pressure and hypertension 
risk: A mendelian randomisation study. Lancet Diabetes & Endocrinology, 2(9), 719-729. 

Simino, J., Shi, G., Bis, J. C., Chasman, D. I., Ehret, G. B., Gu, X., . . . LifeLines Cohort Study. (2014). Gene-age 
interactions in blood pressure regulation: A large-scale investigation with the CHARGE, global BPgen, 
and ICBP consortia. American Journal of Human Genetics, 95(1), 24-38. 

van der Most, P. J., Vaez, A., Prins, B. P., Munoz, M. L., Snieder, H., Alizadeh, B. Z., & Nolte, I. M. (2014). 
QCGWAS: A flexible R package for automated quality control of genome-wide association results. 
Bioinformatics, 30(8), 1185-1186. 

Tragante, V., Barnes, M. R., Ganesh, S. K., Lanktree, M. B., Guo, W., Franceschini, N., . . . Keating, B. J. (2014). 
Gene-centric meta-analysis in 87,736 individuals of european ancestry identifies multiple blood-
pressure-related loci. American Journal of Human Genetics, 94(3), 349-360. 

van Vliet-Ostaptchouk, J. V., den Hoed, M., Luan, J., Zhao, J. H., Ong, K. K., van der Most, P. J., . . . Loos, R. J. 
F. (2013). Pleiotropic effects of obesity-susceptibility loci on metabolic traits: A meta-analysis of up to 
37,874 individuals. Diabetologia, 56(10), 2134-2146. 

Ganesh, S. K., Tragante, V., Guo, W., Guo, Y., Lanktree, M. B., Smith, E. N., . . . LifeLines Cohort Study. (2013). 
Loci influencing blood pressure identified using a cardiovascular gene-centric array. Human Molecular 
Genetics, 22(8), 1663-1678. 

van der Most, P. J., de Jong, B., Parmentier, H. K., & Verhulst, S. (2011). Trade-off between growth and 
immune function: A meta-analysis of selection experiments. Functional Ecology, 25(1), 74-80. 

Asselbergs, F. W., Guo, Y., van Iperen, E. P. A., Sivapalaratnam, S., Tragante, V., Lanktree, M. B., . . . LifeLines 
Cohort Study. (2012). Large-scale gene-centric meta-analysis across 32 studies identifies multiple 
lipid loci. American Journal of Human Genetics, 91(5), 823-838. 

Seigers, R., Schagen, S. B., Coppens, C. M., van der Most, P. J., van Dam, F. S. A. M., Koolhaas, J. M., & 
Buwalda, B. (2009). Methotrexate decreases hippocampal cell proliferation and induces memory 
deficits in rats. Behavioural Brain Research, 201(2), 279-284. 

van der Most, P. J., Dolga, A. M., Nijholt, I. M., Luiten, P. G. M., & Eisel, U. L. M. (2009). Statins: Mechanisms 
of neuroprotection. Progress in Neurobiology, 88(1), 64-75. 

Tanke, M. A. C., Alserda, E., Doornbos, B., van der Most, P. J., Goeman, K., Postema, F., & Korf, J. (2008). Low 
tryptophan diet increases stress-sensitivity, but does not affect habituation in rats. Neurochemistry 
International, 52(1-2), 272-281.



Other SHARE dissertations   |   199

Research Institute SHARE dissertations

This thesis is published within the Research Institute SHARE (Science in Healthy Ageing and healthcaRE) 
of the University Medical Center Groningen / University of Groningen. Further information regarding the 
institute and its research can be obtained from our internetsite: http://www.share.umcg.nl/ .
More recent theses can be found in the list below. ((co-) supervisors are between brackets)

2017

Schenk HM
Affect and physical health; studies on the link between affect and physiologiocal processes
(prof JGM Rosmalen, prof P de Jonge, prof JPJ Slaats)

Wilk AD van der
Patient centered development and clinical evaluation of an ankle foot orthosis
(prof GJ Verkerke, prof K Postema, dr JM Hijmans)

Koorevaar R
Psychological symptoms and clinical outcome after shoulder surgery
(prof SK Bulstra)

Beijersbergen CMI
Effects of lower extremity power training on gait biomechanics in old adults; the Potsdam Gait Study (POGS)
(prof T Hortobagyi, prof P DeVita, prof U Granacher)

Islam Md A
Statistical approaches to explore clinical heterogeneity in psychosis
(prof ER van den Heuvel, dr R Bruggeman, dr BZ Alizadeh)

Dallinga JM
Injury prevention in team sport athletes
(prof KAPM Lemmink, dr A Benjaminse)

Geboers BJM
Understanding the role of health literacy in self-management and health behaviors among older adults
(prof SA Reijneveld, prof CJM Jansen, dr AF de Winter)

Zult TD
Inter-limb mechanisms and clinical relevance of cross-education in humans
(prof T Hortobagyi, prof G Howatson, dr CAT Zijdewind, dr JP Farthing)

Eilers R
In search of healthy ageing; the willingness of older adults to receive vaccination
(prof E Buskens, dr HE de Melker, dr PFM Krabbe)

Monden R
Deconstruction depression; a 3d perspective
(prof P de Jonge, dr KJ Wardenaar, dr A Stegeman)

Daud NAA
Paving ways for personalizing drug therapy during pregnancy; a focus on the risk of drug teratogenicity
(prof B Wilffert, dr JEH Bergman)

http://www.share.umcg.nl/


200   |   Other SHARE dissertations Other SHARE dissertations   |   200

Spoorenberg SLW
Embracing the perspectives of older adults in organising and evaluating person-centred and integrated care
(prof SA Reijneveld, prof HPH Kremer, dr K Wynia)

Uittenbroek RJ
Impact of person-centered and integrated care for community-living older adults on quality of care and service use and costs
(prof SA Reijneveld, prof HPH Kremer, dr K Wynia)

Folbert E
Geriatric traumatology; the effectiveness of integrated orthogeriartric treatment on 1-year outcome in frail elderly with hip fracture
(prof JPJ Slaets, prof HJ ten Duis, dr JH Hegeman)

Panman CMCR & Wiegersma M
Pelvic organ prolapse; conservative treatments in primary care
(prof MY Berger, dr JH Dekker)

Postema SG
Upper limb absence; effects on body functions and structures, musculoskeletal complaints and functional capacity
(prof CK van der Sluis, prof MF Reneman, dr RM Bongers)

Adrichem EJ van
Physical activity in recipients of solid organ transplantation
(prof CP van der Schans, prof PU Dijkstra, dr R Dekker)

Luten KA
Development and evaluation of a community-based approach to promote healh-related behavior among older adults in a 
socioeconomically disadvantaged community
(prof A Dijkstra, prof SA Reijneveld, dr AF de Winter)

Setiawan D
HPV vaccination in Indonesia; a health-economic & comparative perspective
(prof MJ Postma, prof B Wilffert, dr JA Thobari)

Sluis A van der
Risk factors for injury in talented soccer and tennis players; a maturation-driven approach
(prof C Visscher, dr MT Elferink-Gemser, dr MS Brink)

Bouwmans MEJ
A sad day’s night; the dynamic role of sleep in the context of major depression.
(prof P de Jonge, prof AJ Oldehinkel)

Bakker M
Challenges in prenatal screening and diagnosis in the Netherlands
(prof CM Bilardo, dr E Birnie)

Annema-de Jong JH
What’s on your mind? Emotions and perceptions of liver transplant candidates and recipients
(prof AV Ranchor, prof PF Roodbol, prof RJ Porte)

For  2016  and earlier theses visit our website




	front
	stellingen_v3
	layout
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_GoBack
	_Ref265501926
	_GoBack
	_GoBack
	_GoBack
	_GoBack

	back
	Blank Page



