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Preface

Preface
“This needs some rephrasing – it's loaded with the assumption that there is a real world.”
Anonymous refereea
My determination to understand the human condition, what it essentially means to be human,
began in my teens, enticed by a desire to comprehend myself and the people around me. In
essence, a philosophical and scientific quest driven by a will to grasp why we exist, why we
behave the way we do, what shapes our experience of the world, and what the heck I am doing
here. That strife has been weary and confusing at times. I have spent many nights awake reading
what others have thought about the matter of existence and the human mind: “The element of
a person that enables them to be aware of the world and their experiences, to think, and to feel;
the faculty of consciousness and thought.”1 And I am not alone. At great lengths, philosophers
have argued the fundamental nature of the mind, debating ideas such as whether anything
actually exists beyond one’s own mind, solipsism; whether we are born as blank slates, tabula
rasa; and whether consciousness is part of the physical reality or some other non-physical realm,
the mind-body duality. I have often felt disappointed because of the seeming disagreement
about the causes of conscious experience. Fortunately, my understanding of the physical,
biological, and evolutionary basis of thought and behavior has since developed thanks to many
great thinkers in fields like physics2, genetics3, and economics4. I am glad that these schools of
thought eventually crossed my path.
In the 19th century, another curious individual set out on a quest of his own to explain the origin
of species. Charles Darwin introduced the revolutionary idea of natural selection, and by doing
so, set the ball rolling for the development of evolutionary theory. Since then, others have with
great ingenuity discovered that DNA is the carrier and transmitter of the instructions of life, a
“selfish” replicator that resides within the nucleus of living cells5,6. I believe the frontiers of
human knowledge have been pushed far beyond what our ancestors could possibly have
imagined long ago when they conceived elaborate myths about the origin of life and the
beginning of humankind. Nonetheless, the question whether not only physical, but also mental
traits, can be inherited from parents to offspring through genetic transmission has been a subject
of great controversy7,8. Importantly, this work is based on the premise that mental traits are
indeed heritable, and I think many would agree, perhaps a bit reluctantly at first, that there is
irrefutable evidence in favor of that position.
In a time where academia is facing somewhat of a replicability crisis9,10, I feel lucky to have
been embraced by a group of extraordinary mentors and researchers that have taken precise and
truthful inference as their most serious endeavor. Whenever I have come up with an answer to
a question, I have been asked whether it could be superseded by an alternative and more
parsimonious explanation. Thankfully, I have never been requested to massage data for the
purpose of reaching statistical significance nor to neglect evidence in support of alternative
viewpoints. The last four years that have passed since I, as a rather naïve young scientist, began
the journey of a doctorate has meant so much for my personal and academic development. That
journey has been heavy at times, and I would like to express my gratitude to my supervisor
Philipp Koellinger for his support and for always having his door open. Thank you for placing
a
Oakes, K. (2014, December 12). 25 Brutally Honest Peer Review Comments from Scientists [Web log post].
Retrieved November 7, 2018, from https://www.buzzfeed.com/kellyoakes/more-like-smear-review-amirite
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your trust in me, for all the encouragement at critical moments, and for taking me on this wild
and crazy ride. I would also like to thank Daniel Benjamin, David Cesarini, Jonathan
Beauchamp, and the other members of the Social Science Genetic Association Consortium for
all their knowledge, guidance, and support.
Next, I would like to thank my secondary supervisor Danielle Posthuma and the fantastic team
she is directing at the Complex Trait Genetics lab at Vrije Universiteit Amsterdam. I am
fortunate to have too many great colleagues to be able to acknowledge them all by name, but I
would like to mention some of them in particular. Fleur Meddens for sharing many hardships,
laughs, and late evenings in the office. Niels Rietveld, Ronald de Vlaming, and Aysu Okbay
for all the skills you have taught me, and for taking the time to answer my long and dreadful
emails. Maël Lebreton for introducing me to the life of an independent scientist, and for trying
to get me to like whiskey. Casper Burik and Hyeokmoon Kweon for doing me the honor of
being my paranymphs. Bart, Laura, Abdel, Michel, Yayouk, and the other remarkable people
at the department of Biological Psychology for all the great moments together across the world.
I am forever grateful to all the co-authors, collaborators, and study participants that have
contributed to the studies in this thesis. I would like to thank the examination committee for
bestowing me the honor of evaluating my work.
I wish to thank my parents and family for teaching me about the world, for encouraging me to
read and study, and for being there. I am grateful for all the friends I have and for their interest
in my research, their support in good and bad times, and for the great times yet to come.
Finally, I want express my deepest gratitude and sincerest appreciation of Mirjam Timmer, for
your invaluable patience, encouragement, and love. You have kept me sane at times of intense
struggle, and you have believed in me at times when my own beliefs have faded and faltered.
This thesis is as much yours as it is mine, I could not have done it without you.
Notwithstanding the boasting title, by no means do I claim to have completely discovered the
genetic architecture of the mind nor of the mental traits studied in this thesis. The efforts
presented here are but a small step towards that grand ambition. My dearest wish is that this
piece of work will be able to contribute, if only a little bit, to our understanding of who we are,
where we come from, and most importantly, where we are going.
Richard Karlsson Linnér
Amsterdam, November 9, 2018
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Introduction

“Why do people believe that there are dangerous implications of the idea
that the mind is a product of the brain, that the brain is organized in part by
the genome, and that the genome was shaped by natural selection?”
Steven Pinker

“Everything we do, every thought we’ve ever had, is produced in the
human brain. But exactly how it operates remains one of the biggest unsolved
mysteries, and it seems the more we probe its secrets, the more surprises we
ﬁnd.”
Neil deGrasse Tyson

Chapter 1

Background
Humans have evolved large and complex brains as an adaption to cognitive, environmental,
and social challenges11. Throughout the life course, our brains develop and that process
influences how we think, feel, and act12. People are in many ways similar, but also display a
range of individual differences in their psychology and behavior. For example, the personal
attitude or willingness towards risk taking is a psychological characteristic, studied in this
thesis, that varies substantially in humans13–16. In short, risk refers to the possibility of
experiencing undesirable outcomes, which is usually accepted in exchange for the prospect of
some benefit or reward. Some individuals are more willing to engage in risky activities, such
as driving over the speed limit, while others behave more cautiously15,17,18. Individual
differences in risk taking are associated with many other traits, such as health-risk behaviors,
financial decision-making, and occupational choice14,17. Overall, it is intriguing to study the
determinants of individual differences in mental traits as a way to understand ourselves as
humans, and because of their importance for various health and life outcomes16,19–22.
For the purpose of illustration, similar to the works of other scholars12, this introductory chapter
refers to psychology and behavior, together with mental traits, interchangeably as a general
concept, while the section Introduction to the main phenotypes introduces the primary
phenotypes studied in this thesis. Ultimately, mind and consciousness arise from the brain2,12,
and observable psychology and behavior come about foremost as a result of the brain’s circuits,
processes, and functions12. Conceptually, I consider the phenotypes under study to be distinct,
but yet related, measures of psychology and behavior that can be quantified, and thus, studied
empirically with statistical methods23. This thesis is an investigation of how genetic factors
influence these particular phenotypes, but it will also treat a few environmental factors. But
before we get to that, I will first review what is known about the heritability of psychology and
behavior.
The heritability of psychology and behavior
Individual differences in mental traits are the result of both genetic and environmental
influences6,24,25. Decades of research in behavior genetics, the scientific study of the genetic
and environmental underpinnings of human psychology and behavior13, have convincingly
established that practically all mental traits are heritable to some degree25–27. Heritability
estimates of psychometric measures of psychology and behavior, a measure of the proportion
of phenotypic variability attributable to genetic factors, range from moderate to
substantial25,28,29, and are on average about 50%12. Particular psychiatric disorders are highly
heritable, such as attention-deficit hyperactivity disorder (ADHD), bipolar disorder, and
schizophrenia, and genetic factors explain about 75–80% of the variation in these traits30. In
contrast, other mental traits are less heritable, such as risk preferences13,14, depression30, and
educational attainment31,32, and roughly 20–50% of their variation is attributable to genetic
factors. Thus, there is overwhelming evidence in support of the premise that psychology and
behavior are influenced by a non-negligible genetic component, and it appears as if both genes
and environment contribute substantially to individual differences in such traits.
Based on recurring empirical findings, Turkheimer (2000) proposed three general “laws” of
behavior genetics26,27. Beyond the first insight that all behaviors are heritable to some degree,
the second insight is that the common effect of being raised in the same family is typically
weaker than the effect of genetic factors. It is known that mental traits and disorders cluster in
families and empirical estimates suggest that this clustering is primarily caused by a shared
genetic liability, rather than the shared environment19,20,33. The third insight is that idiosyncratic
environmental factors, unique to each individual, often account for a sizable share of the
2
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phenotypic variation26,27. However, such factors are frequently unobserved in studies of
heritability, and it is common to assume that idiosyncratic effects are independent of genetic
differences and to model those as part of the stochastic residual variation34.
Beyond the three “laws” of behavior genetics, there are two more recent insights that deserve
to be mentioned because of their implications for the research strategy and motivation of this
thesis. First, converging evidence suggests that the genetic effects on mental traits and disorders
are shared across traits19,30,35, which can be referred to as pleiotropy or genetic overlap36–38. It
appears as if the genetic liability that clusters in families not only predisposes family members
towards a particular mental disorder, but it also increases the susceptibility towards others. Twin
and family studies, as well as more recent investigations based on molecular genetic data,
consistently estimate moderate to substantial genetic overlap across many pairs of mental traits
and disorders19,20,35. Yet, most of the particular genetic variants and regions that are responsible
for the observed coheritability have not been identified35,39.
Second, many studies suggest that the genetic influences on complex traits are polygenic, and
thus, distributed across many genetic variants30,40,41. Overall, the aggregate influence of
common variants can be substantial, but their individual effects appear to be smaller and
distributed across a much larger set of variants than was previously thought, and maybe even
more so for psychology and behavior than for many other complex traits27. This regularity has
been dubbed the fourth “law” of behavior genetics by Chabris et al. (2015)27. As an example,
the largest effect discovered in the first genome-wide association study (GWAS, see below and
Chapter 2 – Supplementary Methods) on educational attainment explains only about 0.02%
of the phenotypic variation31, i.e., a fiftieth of a percent. It is the exception rather than the rule
to find common variants with large effects on mental traits30. Taken together, these observations
conform with an infinitesimal effect-size model41. That model assumes that the additive genetic
influence is spread over a very large number, and maybe even all, genetic variants of which
many have near-zero effects41–44. Recently, it has been proposed that potentially all genetic
variants involved in a trait-relevant tissue could exert some small yet important effect even
when there is no obvious biological connection42. This hypothesis has been named the
“omnigenic model” and it is based on the premise that regulatory gene networks are deeply
interconnected. In summary, converging evidence suggests that there is much genetic overlap
across mental traits, and that such traits are highly polygenic rather than monogenic.
Genome-wide association studies
Recent technological advancements have revolutionized the discovery of the genetic
architecture of human traits and disorders45, defined in the section The genetic architecture of
complex traits. Modern genotyping technologies first made it possible to measure particular
genetic variants, and later, millions of variants across the genome. When the genetic factor is
no longer latent, as it is in the classical twin design34, it becomes possible to actually discover
which particular genetic variants are responsible for the trait inheritance. The GWAS method
is a modern approach used to identify genetic associations43,46,47, and GWAS typically study
the most occurring form of genetic variation, the single-nucleotide polymorphism (SNP;
pronounced as “snip”). A SNP is defined as a single base pair in the genetic sequence that varies
across individuals. The success of GWAS is strongly dependent on sample size48,49.
Theoretically, a sample size of roughly 200,000 individuals is required to attain 80% power to
detect an effect of 0.02% at genome-wide significanceb, similar to the effect mentioned above.
Nonetheless, when performed in large samples, GWAS can identify common variants with high
posterior probabilities even though their effects are small27,50.
b

Genome-wide significance is typically declared when the association P-value is less than 510–8.
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Since its introduction, GWAS have successfully identified robust associations with hundreds
of genetically complex traits43,45,49. But even so, the vast majority of the variants responsible
for the narrow-sense heritability of brain structure, and the resulting variation in observable
behavior, have not yet been identified30,51,52. The difference between the narrow-sense
heritability and that which can be attributed to genome-wide significant associations is called
the “missing heritability”30,53. The missing heritability can be divided into two parts; the “hiding
heritability”, which is expected to be uncovered as a function of increasing GWAS sample size,
and the “still-missing heritability”, which will not be revealed by traditional GWAS53. Instead,
the still-missing heritability is expected to be attributed to other genetic factors that are typically
not captured by traditional GWAS, such as rare and structural variation40,41,54. Methods that use
millions of common SNPs across the genome to estimate the so-called “SNP heritability” are
suggestive of the respective sizes of the hiding and still-missing heritability53,55. As described
below, Chapters 2–3 perform large-scale GWAS of a couple of mental traits that, upon
publication, had not yet been studied in samples as large as those reported here.
Psychosocial experiences and DNA methylation
Epigenetics is the study of various molecular mechanisms that influence genetic processes, such
as the regulation of gene expression56–58. In contrast to the relative constancy of the genetic
sequence59, epigenetic states vary across cells and tissues, and are affected by environmental
influences60. In behavioral epigenetics, DNA methylation appears to be the most studied
mechanism61. Methylation refers to the addition of a methyl group on “top of” a genetic base
pair, and it is known to play an important role in cellular development and processes56,62,63. In
mammals, methylation occurs almost exclusively at the cytosine nucleotide in cytosine-guanine
pairs63 connected by a phosphate link, referred to as CpG probes. Importantly, it is of scientific
and societal interest to study methylation because of the repeated observation that it is
associated with various medical conditions, such as autoimmune disease, cancers, and
neuropsychiatric disorders62,64,65. Microarrays have recently been introduced that measure
methylation at hundreds of thousands of CpG probes across the genome66. A common approach
to identify associations with methylation is the epigenome-wide association study (EWAS), an
extension of the GWAS method with some additional considerations67 (see Chapter 4 –
Supplementary Methods).
Interestingly, it has been proposed that environmental factors may shape behavior by
influencing gene expression12, and a conceivable mechanism could be the methylation of genes
involved in neural development56,61,68,69 . However, this is a new and highly active area of
research and it has not been concluded what genes and environmental factors have the
capability to affect behavior in such a way65. Interestingly, methylation has been offered as a
biological explanation of the well-established relationship between adverse psychosocialc
experiences in childhood with mental and physical disorders later in life70–74. It has even been
proposed that methylation could be an adaptive mechanism that later turns maladaptive71. For
ease of discussion, this thesis henceforth refers to this category of viewpoints as “the hypothesis
that psychosocial experiences influence disease via methylation”.
Notably, a range of adverse life events, ranging from trauma75; parental attachment76, abuse77,
and neglect78,79; to socioeconomic hardship70,80–82, have been found associated with
methylation. The notion that biological embedding of psychosocial stress, caused by
unfavorable socioeconomic position, would cause behavioral changes and medical conditions
via methylation appears to be an appealing and fascinating explanation for observed health

c
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inequalities70,73,74,83. However, it should be noted that studies on this hypothesis are not free
from criticism61,67,84,85, and great care must be taken in the choice of study design65,67.
On the contrary, it has been proposed that chemical influences with known biological effects
must first be convincingly ruled out before prioritizing the correlation of psychosocial
experiences with methylation as an explanation to medical conditions86. Importantly, there are
several biologically proximate exposures that have particularly strong and long-lasting
influences on both methylation and medical conditions, such as alcohol consumption87, diet and
obesity88, and smoking89,90, in particular if experienced prenatally91,92. These risk factors are
known to correlate with socioeconomic adversity and most, if not all, of the aforementioned
adverse life experiences, such as child maltreatment93–98. Thus, there is a high risk that the
positive findings reported in observational studies of this hypothesis are the result of
confounding and/or omitted variable bias59,99. That particular criticism has already been raised
because most of the aforementioned studies do not convincingly control for many important
confounders67,84,85. Similarly, it has been observed that there is a tendency to infer causality in
observational studies without the use of a causal research design67. Notwithstanding these
critiques, the number of studies that investigate the hypothesis that psychosocial experiences
influence disease via methylation is growing, and concerningly, many are performed in small
samples79,100.
In this thesis, Chapter 4 performs a large-scale EWAS on educational attainment, a correlate
of cognitive function and personality31, which is also a major life experience that occurs day
after day over many years of a person’s life. Because education is experienced over a substantial
period of childhood, adolescence, and early adulthood it is not unreasonable to think that its
variation could be quite strongly associated with methylation in the circumstance that life
experiences would indeed influence methylation. In addition, educational attainment could be
considered a good test case of that hypothesis because it can be studied in very large samples.
On the other hand, because educational attainment, similar to adverse psychosocial experiences,
could be considered biologically distal compared to biologically proximate confounders, such
as alcohol consumption, smoking, and other health-risk behaviors98,101, it is also conceivable
that its association with methylation could be much weaker or non-existent when such factors
are accounted for.
Studies of candidate-genes and their interactions with the environment
Prior to GWAS, it was more common to study prioritized candidate genes102–104. In contrast,
GWAS test millions of genetic variants across the genome for association, with little to no
prioritization46. Already in the early 2000s103,104, the candidate-gene approach had received
much criticism, primarily because of inadequate statistical power, but also other concerns, such
as undisclosed multiple-testing and population stratification24,50,105–107. Thus, while GWAS
could be criticized for having a high false-negative rate41, candidate-gene studies in psychology
have instead been criticized for an unacceptable false-positive rate106.
Similarly, many of the same critiques apply to the popular study of candidate gene-environment
interactions105,108,109, and such studies must be undertaken with great care110. Disconcertingly,
many candidate gene-environment interaction studies are performed with improper control for
potential confounders109, and convincing replication of reported interactions is scarce in
psychology research108. Therefore, to further investigate and raise awareness of the issues
surrounding these studies, Chapter 5 performs a critical review and meta-analysis of a
particular candidate gene-environment interaction. Specifically, that study investigates the
reported literature that has tested whether antisocial behavior is associated with an interaction
between stressful life events and 5-HTTLPR, a controversial, yet frequently hypothesized
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candidate gene34,111. Although 5-HTTLPR is viewed with quite some skepticism it still receives
much attention in recent gene-environment interaction studies112–114. Remarkably, a couple of
notorious candidate genes108,110,115,116, including 5-HTTLPR, appear to have a renaissance in
behavioral epigenetics, see e.g., refs. 73,76,78,79,100.
Problem statement
The objective of this thesis is to contribute to the on-going efforts in behavior genetics and
related fields that aim to unravel the genetic, biological, and environmental basis of complex
traits. The primary measures of psychology and behavior studied in this thesis, henceforth
referred to as the “main phenotypes”, are the following:
• Chapter 2. General risk tolerance, adventurousness, and the four risky behaviors:
(1) automobile speeding propensity, (2) drinks per week, (3) ever smoker, and (4)
number of sexual partners and the first principal component (PC) of the four risky
behaviors;
• Chapter 3. Subjective well-being, depressive symptoms, and neuroticism;
• Chapter 4. Educational attainment;
• Chapter 5. Antisocial behavior.
The main phenotypes have been extensively studied in different fields with varying research
traditions, for example in economics, epidemiology, psychology, and the social sciences. At
the outset of this thesis, there were few to no genome-wide significant associations reported for
the subset of the main phenotypes under study in Chapters 2 and 3, and larger genetic studies
are needed to accelerate the discovery of their genetic architectures30,49,52. Similarly, larger
studies could be considered required to further investigate whether life experiences are indeed
associated with methylation (Chapter 4), as well as the hypothesis that antisocial behavior is
associated with an interaction between stressful life events and 5-HTTLPR (Chapter 5).
Because underpowered studies have a high chance of finding false positives and inflated effectsizes estimates it is important that the studies in this thesis are adequately powered50,110,117. To
the best of my knowledge, the primary genetic analyses were upon publication the largest for
these phenotype-method pairs. In Chapters 2–3, the GWAS samples range from about 160,000
to almost 1 million individuals. In Chapter 4, the EWAS includes 10,767 individuals, which
places it among the largest EWAS of any phenotype. Lastly, Chapter 5 is the largest
investigation of that particular gene-environment interaction, n = 7,680, as it is a meta-analysis
of the previous literature testing that hypothesis. In summary, the studies reported in this thesis
are all performed in large samples with molecular genetic data.

Purpose and research questions
The central purpose of this thesis is to investigate the genetic architecture of the main
phenotypes. For that purpose, genetic variants will be tested for association using statistical
methods from complex trait genetics applied on molecular genetic data. In more detail, the
primary purpose of Chapters 2–3 is to identify associations between SNPs and general risk
tolerance, adventurousness, and the four risky behaviors and their first principal component; as
well as with subjective well-being, depressive symptoms, and neuroticism. Subsequently, the
results will be used in a range of genetic and bioinformatic follow-up analyses with the aim to
identify additional aspects of their genetic architectures, as well as biological pathways and
mechanisms. The purpose of Chapter 5 is to identify associations between educational
attainment and the methylation of CpG probes. The purpose of Chapter 6 is to critically review
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and meta-analyze all previous studies that have tested whether antisocial behavior is associated
with a candidate gene-environment interaction between adverse life events and 5-HTTLPR.
The thesis aims to answer the following main research questions:
1. a. Do GWAS in hundreds of thousands of individuals identify robustly associated SNPs
with the main phenotypes studied in Chapters 2–3?
b. What do the results reveal about their genetic architectures?
c. What is the potential to use the results to strengthen inference in empirical research and
to perform multi-trait analyses of genetically correlated traits?
d. What do the results reveal about biological mechanisms and pathways?
e. What do the results suggest about the biological pathways and candidate genes that have
previously been hypothesized to influence risk taking?
2. Is educational attainment associated with CpG methylation and how does the strength of
association compare to biologically proximate factors?
What do the results suggest about the hypothesis that psychosocial experiences influence
disease via methylation?
3. What is the overall quality and evidential value of the previous studies that have tested
antisocial behavior for association with an interaction between adverse life events and 5HTTLPR?

Thesis disposition
The remainder of this thesis is structured as follows. The next section defines the concept of
genetic architecture and motivates the discovery of genetic associations. Thereafter, the main
phenotypes are briefly introduced. Lastly, I report my own and my co-authors’ contributions to
the large-scale, collaborative efforts upon which this thesis is based. Following this
introduction, the thesis consists of four chapters that are based on empirical studies published
in international, peer-reviewed journals. Chapters 2–3 are published in Nature Genetics
(Karlsson Linnér et al., 2019; Okbay et al., 2016), Chapter 4 in Molecular Psychiatry (Karlsson
Linnér et al., 2017), and Chapter 5 in the American Journal of Medical Genetics Part B:
Neuropsychiatry (Tielbeek et al., 2016). For completeness, these studies are reported in their
entirety though not all results are discussed in this thesis. Lastly, the sixth chapter discusses
how a curated selection of the findings answer the main research questions, and it reports a
conclusion and the study limitations.
Statistical methods
This thesis relies on a large number of statistical methods and procedures, and it is far beyond
the scope of this introductory chapter to describe them all. For brevity, the methods to perform
a selection of the analyses that I carried out are reported in the Supplementary Methods
sections. Chapter 2 – Supplementary Methods details the method to perform GWAS, qualitycontrol and meta-analysis, estimation of conditional GWAS associations, and three methods to
estimate SNP heritability. Chapter 4 – Supplementary Methods reports the method to
perform EWAS, quality-control and meta-analysis, robustness checks, the comparison of
effect-size estimates with biologically proximate factors, among other methods. All other
relevant methods and materials are described in great detail either within the thesis chapters, or
in the accompanying Online Supplementary Materials.
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The genetic architecture of complex traits
The genome consists of deoxyribonucleic acid (DNA), which is recombined and transmitted
from parents to offspring6,118,119. DNA is the carrier of genetic information—the instructions
required for the growth and development of all known cellular life. The genome is a sequence
consisting of four molecular “letters” (base pairs, or nucleotides), and in humans that sequence
is roughly 3 billion base pairs long. The base pairs are made out of the molecules adenine (A),
cytosine (C), guanine (G), and thymine (T). DNA takes the form of two strands, shaped like a
double helix, and because of the complementary property of the nucleotides, that is A is always
paired with T and C with G, knowledge of the sequence on one chromosomal strand can be
used to infer its complementary strand. In humans, DNA is structured as 22 chromosome pairs
(autosomes), as well as a pair of sex chromosomes (allosomes). Because the chromosomes
come in pairs, a specific location on the genome (locus) can either be homozygous or
heterozygous in terms of the particular nucleotide sequence (alleles) at that locus. For most
practical purposes, it is common to assume that an individual’s genetic sequence is stable over
the life span, and identical across the trillions of cells and various tissues in the body (with the
exception of sex cells, and other special cases).
The genetic architecture of a particular trait can broadly be defined as the complete set of
genetic influences attributable for the heritability45,120. The definition includes, but is not limited
to, the set of causal variants; the distribution of their effect sizes; and their number, correlation
(linkage), and locality in the genome (e.g., in coding, non-coding, or regulatory regions). A
broader definition also includes the occurrence of the alleles (allele frequency) of variants
within and across populations; whether the alleles at the same locus interact (dominance), and
whether they interact with alleles at other loci (epistasis), or with environmental factors (geneenvironment interaction, or GE)34. If we would allow an even broader definition, the genetic
architecture also covers the states of epigenetic mechanisms, such as methylation, as well as
the genetic overlap with other traits121. Many of these aspects, but not all, will be studied in the
thesis chapters.
Since most genetic variants appear to exert only a tiny influence on psychology and behavior,
it is not unreasonable to question whether efforts to identify genetic associations are actually
worthwhile. I argue that genetic discovery is both intrinsically valuable, because such efforts
may increase our understanding of the etiology of individual differences, which has allured the
interest of scholars across time and disciplines, as well as extrinsically valuable, because the
findings from genetic discovery have many scientific benefits. The latter can be categorized
along three lines. First, genetic associations can in many ways strengthen inference in empirical
research. Second, genetic associations with a particular trait can be beneficial for multi-trait
analyses of genetically correlated phenotypes. Third, genetic associations offer a window into
the biological mechanisms and pathways involved in trait variation. The remainder of this
section further explains these three lines of motivation.
Strengthening inference in empirical research
Polygenic scores (PGS) index, or summarize, the genetic effects estimated in GWAS across a
large number of genetic variants122,123, and PGS can in many ways strengthen inference in
empirical research. For example, PGS can be used as control variables to condition the effect
of a variable of interest or to increase the statistical power to detect a treatment effect in
randomized control trials31,50. In addition, with the use of PGS, the method genetic instrumental
variable (GIV) regression can accurately estimate the effect of an exposure in the presence of
pleiotropy124. Further, gene-environment interaction studies that use PGS, rather than single
genetic variants, are likely to have greater statistical power to detect an interaction effect111.
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Because GWAS summary statistics can be used to construct PGS, among other reasons, it has
become common to share these with the wider research community43,125. Thus, genetic
discovery could even be considered a scientific public service. Overall, identification of genetic
associations has much to offer to observational studies in fields such as epidemiology,
psychology, and the social sciences126.
Next, it is of scientific and societal importance to establish causal relationships between
environmental risk factors and health outcomes127,128, for example in the effort to reduce health
inequalities83. However, concerns have been raised over the unbiasedness of estimates reported
in observational studies that lack randomization99,117,129. Because of the possibility that
bidirectional and other complex pathways account for the covariation between risk factors and
disease there is a risk of simultaneity and other sources of endogeneity130,131. As a remedy, it
has been proposed that the random assortment of genes that an offspring inherits, conditional
on the parents, could be used as instrumental variables in so-called Mendelian
Randomization132. However, using genes as instruments is not without limitations127,128,133.
On the positive side, an individual’s genome is highly stable over time, and in many conceivable
cases, exogenous to the variables of interest in the study of risk factors and disease59. Genetic
instruments may be particularly useful in research settings where appropriate quasirandomization is hard to find, and can be applied to a wide range of research questions126. Some
have even gone so far as to claim that a genetically-informed research design is a requirement
to actually understand environmental influences111. Overall, researchers who aim to disentangle
the complex relationships between mental traits, environmental risk factors, and health
outcomes, should not neglect the advantages offered by a genetically-informed research
design126,131.
Multi-trait analyses of genetically correlated traits
Conceptually, the main phenotypes could be considered to be intermediate phenotypes and/or
non-clinical measures of mental disorders. The premise that genetic studies of normal-range
measures of mental traits can potentially advance our understanding of the disorders of the
brain, in contrast to a narrow focus on clinical diagnoses and symptoms, is at the essence of a
research framework called the Research Domain Criteria (RDoC)134–136. Thus, genetic
association with the main phenotypes could aid the effort to identify genes and biomarkers for
mental disorders, which has been declared a grand challenge by an international consortium of
clinicians and mental-health researchers21. There are several multi-trait methods available that
leverage the genetic overlap across traits, such as the proxy-phenotype method and the multitrait method MTAG137,138.
LD Score regression is a method that is frequently used to estimate genetic correlations139,140,
a measure of the extent of overlap in genetic effects between pairs of traits39,139,141. The size of
genetic correlations is informative of the possible benefit of multi-trait analysis of genetically
correlated traits43,138,142. For example, multi-trait analysis can aid the identification of genetic
associations with phenotypes for which there is currently a lack of large samples (such as rare
disorders, or phenotypes that for some reason may be difficult to sample)137. When several
phenotypes are studied in combination it is possible to increase the statistical power to find
associations with a particular trait111,138. Also, genetic associations can be used to quasireplicate findings from other studies that lack a replication sample143. Overall, the possibility
to perform multi-trait analyses of genetically correlated traits is a strong motivation to discover
genetic associations.
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Identification of biological mechanisms and pathways
Genetic associations can be used to identify biological mechanisms and pathways because
genetic variants can be linked to functionally relevant products, such as ribonucleic acids
(RNAs), proteins, and gene expression levels144–146. Evidently, biological pathways that were
previously thought to be unrelated to particular medical conditions have been discovered with
GWAS49. Identification of biological pathways can be considered of additional importance with
respect to psychiatric disorders for which the identification of pathophysiology has proven
difficult21,52,135. Also, knowledge of biological pathways can aid the study of comorbidity and
disease heterogeneity19,35.
However, methods that use genetic associations to discover biological mechanisms and
pathways have several limitations. Typically, the strength of such bioinformatic analyses is
strongly dependent on the availability of additional data sources, such as information on gene
expression, function, and networks. Another limiting factor is the availability of relevant tissue
samples. Notwithstanding these limitations, many still consider identification genetic discovery
to be an important first step in the effort to reveal the biological underpinnings of human traits
and disorders30,49. Since the main phenotypes ultimately stem from the brain, which could be
considered an extremely complex organ, this thesis may have limited potential to accurately
pinpoint biological mechanisms and pathways. Yet, bioinformatic analyses of the initial GWAS
estimates may shed some light on previous findings, and can potentially yield new insights.

Introduction to the main phenotypes
General risk tolerance and risky behaviors
Many activities and decisions entail an element of risk. Semantically, risk can be defined as the
possibility of experiencing danger, harm, or loss147. Notably, the inclination to take risks varies
substantially across individuals, while it is a relatively stable personal characteristic. It
decreases as a function of age and it has been observed that women are less willing to take risks
than men15–17. In the literature, the willingness to accept the exposure to risk in exchange for
the prospect of a reward is often referred to as risk attitudes, risk aversion, or risk
preferences13,15,16. Notably, there is no clear consensus on how this tendency should be defined
and measured.
In economics, risky decision-making is often conceptualized based on statistical concepts such
as expected values and the variability of outcomes15, and modeled with expected utility
theory16,23. As a critique of that theory, Kahneman & Tversky (1979) proposed a different
framework—prospect theory—that contests the external validity of many of the assumptions
of expected utility theory148,149. In psychology, risk-taking spans across several personality
dimensions and is considered similar to sensation seeking, adventurousness, and related
personality types and traits150–152. Overall, risk is a somewhat fuzzy concept, but yet an integral
part of the decision-making processes of living organisms153.
In Chapter 2, the primary phenotype is general risk tolerance, which is defined here as the selfreported overall willingness to take risks. In addition, that chapter investigates the six
supplementary phenotypes adventurousness, automobile speeding propensity, drinks per week,
ever smoker, number of lifetime sexual partners, and the first principal component (PC) of the
four risky behaviors. The supplementary phenotypes were deliberately chosen to represent realworld risk taking in specific contexts, and the first PC is intended to capture a general
component of risk taking across some of those domains. There have been many attempts to
identify genes and biological pathways involved in risk tolerance but few have been reliably
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performed in large samples154. Overall, there are only two genome-wide significant associations
reported in the literature155–157. Therefore, Chapter 2 sets out to discover the genetic variants
responsible for the missing heritability of risk taking in a much larger sample than has
previously been done.
Subjective well-being, depressive symptoms, and neuroticism
Subjective well-being is defined as an individual’s subjective rating of his or her quality of
life158–160. It is typically measured through self-reports, using a combination of survey items
intended to capture overall happiness, life satisfaction, and positive affect. In addition, Chapter
3 investigates two genetically correlated traits161,162, depressive symptoms and neuroticism.
Depression is a debilitating medical condition with a high disease burden, which is hard to
treat52,163. Larger genetic studies of depression are motivated to identify druggable targets and
to accelerate the development of new treatments. Neuroticism is a personality dimension
characterized by an affinity to experience negative feelings, and studies have found that
neuroticism is strongly associated with depression164–166. Also, depressive symptoms and
neuroticism could largely be considered reverse-coded measures of subjective well-being.
Overall, there are few reported genetic associations with these traits in the literature52,167, and
the GWAS in large samples reported in Chapter 3 may be able to uncover the missing
heritability of these traits.
Educational attainment
Educational attainment is a measure of an individual’s scholastic achievement. Conceptually,
educational attainment is both an outcome that is influenced by personal characteristics and
environmental circumstances, and at the same time, education is an environmental exposure
and major life experience. It is well-established that variation in education is strongly associated
with mental and physical health, as well as longevity98,168,169, and higher education is a strong
predictor of positive health behaviors and lifestyle choices98. Overall, educational attainment
can be considered a crude measure, but nonetheless, it captures a range of important differences
across individuals in a population, and it is easy and inexpensive to measure in large samples.
To date, there are three large-scale GWAS of educational attainment published in the
literature31,170,171. In these studies, educational attainment is operationalized as a continuous
trait measured in years-of-schooling equivalents. The most recent study, which analyzed close
to 1.1 million individuals, identified more than twelve hundred near-independent genetic
associations171. Thus, GWAS of educational attainment have already been very successful. So,
Chapter 4 instead investigates the association between educational attainment and CpG
methylation. To my knowledge, there are no previous studies on that particular relationship,
while there are studies that have investigated its association with methylation by using
educational attainment as proxy for, or in combination with, socio-economic status, and a few
associations have been reported81,172,173. Notably, our study is several times larger than any
previous investigation of the association between educational attainment and methylation.
Antisocial Behavior
Antisocial behavior includes various forms of aggressive and violent behavior, violation of
social norms, and delinquency174,175. It is associated with many negative health and life
outcomes, such as alcohol and substance use, as well as criminal conviction. The study of
antisocial behavior is of societal importance because of the high financial and social costs
associated with it and its correlates176. It has been estimated that antisocial behavior is highly
heritable, but many studies have also identified a multitude of environmental risk factors177.
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For example, antisocial behavior is associated with experiencing various forms of childhood
and adolescent adversities, such as child maltreatment and socioeconomic stress178,179. This
observation has led to great scientific interest in the question whether the effects of
environmental risk factors are contingent on genetic differences. As is applicable for many
other traits studied in psychology34,109, it has been suggested that antisocial behavior could be
associated with an interaction between environmental adversity and alleles of the gene region
5-HTTLPR. However, few large-scale studies have investigated this hypothesis180, and it is
necessary to further investigate that hypothesis to corroborate or reject some positive findings
reported in the literature.

Individual contributions
The empirical chapters of this thesis are all based on collaborative work, and most include a
large number of co-authors that all contributed in various ways, e.g., with data collection, data
preparation, and cohort-level analyses. Authors that are not listed in this section contributed
primarily to such efforts and details of their contributions can be found in the Online
Supplementary Material accompanying the published studies. All authors critically reviewed
and commented on the manuscripts prior to publication. Beyond the many contributing authors,
the central analyses and writing of the manuscripts were performed by a small, central team of
junior and senior authors. A selection of the analyses that I conducted myself or was particularly
involved in are reported in the Supplementary Methods in this thesis. To my knowledge,
Chapters 2, 3 and 5 are part of other PhD theses. The following paragraphs summarize and
report the contributions of the central team of authors, including my own.
Chapter 2 – Genome-wide association analyses of risk tolerance and risky behaviors in
over one million individuals identify hundreds of loci and shared genetic influences
In this study, I was the lead analyst and contributed substantially to the analyses and the writing
of the manuscript. The study was conceived by Jonathan Beauchamp, Philipp Koellinger, and
Daniel Benjamin. I conducted the GWAS analyses in the UKB, and the quality-control and
meta-analyses. I performed the conditional analyses of the identified genetic associations, the
investigation of long-range LD regions, candidate inversions, and 1000 Genomes structural
variants, and I summarized the overlap across the various GWAS. Juan Ramon Gonzalez and
Tõnu Esko contributed data to the investigation of candidate inversions. The population
stratification, replication, and proxy-phenotype analyses were conducted by Edward Kong. I
performed the SNP-based heritability analyses. The genetic correlation analyses were
conducted by Robbee Wedow, with assistance from Mark Fontana. I performed polygenic
prediction in the STR cohort, and the prediction analyses were led by Pietro Biroli, and Edward
Kong, Robbee Wedow, Abdel Abdellaoui, Ronald de Vlaming, Mark Fontana, Michel Nivard
also contributed to those analyses. The MTAG analyses were conducted by Pietro Biroli and
Christian Zünd. Fleur Meddens led the bioinformatics analyses, and was assisted by Jacob
Gratten and Maciej Trzaskowski, Anke Hammerschlag, Gerardus Meddens, and Pascal
Timshel. Maël Lebreton conducted the review of the literature attempting to link risk taking to
genes and biological pathways, and I performed the SNP-based validation analysis of these
previous hypotheses. I prepared the majority of the figures, with assistance from Edward Kong
and Stephen Tino. Additional analyses were performed by Aysu Okbay, Niels Rietveld, and
Stephen Tino. David Cesarini, Jacob Gratten, and James Lee provided helpful advice and
feedback on various aspects of the study design. Jonathan Beauchamp, Pietro Biroli, Edward
Kong, Fleur Meddens, Robbee Wedow, and I made especially major contributions to the
writing and editing of the manuscript.
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All the contributing authors are listed on p. 34. For a complete description of the author
contributions, see Supplementary Material section 13 in Karlsson Linnér et al. (2019).
Chapter 3 – Genetic variants associated with subjective well-being, depressive symptoms,
and neuroticism identified through genome-wide analyses:
This study was the first large-scale GWAS I was involved in, and I made a less prominent
contribution than in Chapter 2. The study was designed by Meike Bartels, Daniel Benjamin,
David Cesarini, Jan-Emmanuel De Neve, Philipp Koellinger, and Robert Krueger. The quality
control and meta-analyses were performed by Aysu Okbay and Bart Baselmans. GWAS
analyses in the UKB were conducted by Mark Fontana. Jonathan Beauchamp and Patrick
Turley performed tests for population stratification, developed the “quantity-quality tradeoff”,
and conducted the Bayesian credibility analyses. Aysu Okbay and Bart Baselmans conducted
the polygenic score prediction analyses. Mark Fontana, Patrick Turley, and Jonathan
Beauchamp performed the genetic correlation analyses. Aysu Okbay and I conducted the proxyphenotype and cross-phenotype enrichment analyses. The bioinformatics analyses were
performed by Jonathan Beauchamp, Mark Fontana, Fleur Meddens, Michel Nivard, and Tõnu
Esko. I prepared the majority of the figures and Fleur Meddens the majority of the tables. The
inversion polymorphisms were analyzed by Harm-Jan Westra and Juan Ramon Gonzalez.
Daniel Benjamin, Meike Bartels, Jonathan Beauchamp, David Cesarini, Jan-Emmanuel De
Neve, Michel Nivard, Philipp Koellinger, Aysu Okbay, and Patrick Turley made especially
major contributions to the writing and editing of the manuscript.
All the contributing authors are listed on p. 73. For a complete list of author contributions, see
Supplementary Material section 11 in Okbay et al. (2016).
Chapter 4 – An epigenome-wide association study meta-analysis of educational
attainment:
In this study, I was the lead analyst together with Riccardo Marioni and Niels Rietveld. I
contributed substantially to the analyses and the writing of the manuscript. The study was
designed by Daniel Benjamin, Philipp Koellinger, Ian Deary, Niels Rietveld, and Riccardo
Marioni. Niels Rietveld and I performed the EWAS quality control and meta-analyses.
Riccardo Marioni performed the epigenetic clock analyses, and Niels Rietveld and I assisted
those analyses. The polygenic prediction was carried out by Niels Rietveld, Riccardo Marioni,
Andrew Simpkin, and Neil Davies. Niels Rietveld and I conducted the robustness analyses of
smoking. Niels Rietveld and I designed and performed the enrichment analyses. I designed and
performed the tissue-specific methylation analyses. The FUMA expression analysis was
performed by Kyoko Watanabe. The methQTL GWAS were performed by Riccardo Marioni
and Niels Rietveld, and I performed the subsequent quality control and meta-analysis. Daniel
Benjamin, Riccardo Marioni, Niels Rietveld, and I made especially major contributions to the
writing and editing of the manuscript.
All the contributing authors are listed on p. 92. The authors not listed above were involved in
data collection, data preparation, or cohort-level EWAS analyses.
Chapter 5 – Meta-analysis of the serotonin transporter promoter variant (5-HTTLPR) in
relation to adverse environment and antisocial behavior:
In this study, I was the lead analyst together with Jorim Tielbeek. I contributed substantially to
the analyses and the writing of the manuscript. The study was designed by Tinca Polderman,
Arne Popma, and Danielle Posthuma. Jorim Tielbeek, Koko Beers, and I performed the data
collection. The quality-assessment analysis was performed by Jorim Tielbeek and Koko Beers,
with assistance from Tinca Polderman. Jorim Tielbeek and I performed the meta-analysis, the
summary of the results, and the publication-bias analyses. I prepared the majority of the figures.
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Jorim Tielbeek and I made especially major contributions to the writing and editing of the
manuscript.
Additional publications
During the PhD, I also contributed to the following studies:
Bansal, V., et al. (2018). GWAS results for educational attainment aid in identifying genetic
heterogeneity of schizophrenia. Nature Communications 9; 3078.
Fiorito, G., et al. (2017). Social adversity and epigenetic aging: a multi-cohort study on
socioeconomic differences in peripheral blood DNA methylation. Scientific Reports 24; 16266.
Lee, JL., et al. (2018). Gene discovery and polygenic prediction from a genome-wide
association study of educational attainment in 1.1 million individuals. Nature Genetics 50;
1112–1121.
Nave, G., Jung, WH., Karlsson Linnér, R., Kabel, J., & Koellinger, PD. (2018). Are bigger
brains smarter? Evidence from a large-scale pre-registered study. Psychological Science 30;
43–54.
Meddens, SFW., et al. (Unpublished). Genomic analysis of diet composition finds novel loci
and associations with health and lifestyle. Manuscript under consideration.
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Genome-wide association analyses of
risk tolerance and risky behaviors in
over one million individuals identify
hundreds of loci and shared genetic
inﬂuences
“Never was anything great achieved without danger.”
Niccolo Machiavelli

“So we shall let the reader answer this question for himself: who is the
happier man, he who has braved the storm of life and lived or he who has
stayed securely on shore and merely existed?”
Hunter S. Thompson

“The only way to ﬁnd true happiness is to risk being completely cut open.”
Chuck Palahniuk

Based on Karlsson Linnér et al. (2019). Nature Genetics.

Chapter 2

Abstract
Humans vary substantially in their willingness to take risks. In a combined sample of over one
million individuals, we conducted genome-wide association studies (GWAS) of general risk
tolerance, adventurousness, and risky behaviors in the driving, drinking, smoking, and sexual
domains. Across all GWAS we identified hundreds of associated loci, including 99 loci
associated with general risk tolerance. We report evidence of substantial shared genetic
influences across risk tolerance and the risky behaviors: 46 of the 99 general risk tolerance loci
contain a lead SNP for at least one of our other GWAS, and general risk tolerance is genetically
correlated (   ~ 0.25 to 0.50) with a range of risky behaviors. Bioinformatics analyses imply
that genes near general-risk-tolerance-associated SNPs are highly expressed in brain tissues and
point to a role for glutamatergic and GABAergic neurotransmission. We found no evidence of
enrichment for genes previously hypothesized to relate to risk tolerance.
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Introduction
Choices in important domains of life, including health, fertility, finance, employment, and
social relationships, rarely have consequences that can be anticipated perfectly. The degree of
variability in possible outcomes is called risk. Risk tolerance—defined as the willingness to
take risks, typically to obtain some reward—varies substantially across humans and has been
actively studied in the behavioral and social sciences. An individual’s risk tolerance may vary
across domains, but survey-based measures of general risk tolerance (e.g., “Would you describe
yourself as someone who takes risks?”) have been found to be good all-around predictors of
risky behaviors such as portfolio allocation, occupational choice, smoking, drinking alcohol,
and starting one’s own business1–3.
Twin studies have established that various measures of risk tolerance are moderately heritable
(  , although estimates in the literature vary3–5). Discovery of specific genetic variants
associated with general risk tolerance could provide insights into underlying biological
pathways; advance our understanding of how genetic influences are amplified and dampened
by environmental factors; enable the construction of polygenic scores (indexes of many genetic
variants) that can be used as overall measures of genetic influences on individuals; and help
distinguish genetic variation associated with general versus domain-specific risk tolerance.
Although risk tolerance has been one of the most studied phenotypes in social science genetics,
most claims of positive findings have been based on small-sample candidate gene studies
(Supplementary Table 1), whose limitations are now appreciated6. To date, only two loci
associated with risk tolerance have been identified in genome-wide association studies
(GWAS)7,8.
Here, we report results from large-scale GWAS of self-reported general risk tolerance (our
primary phenotype) and six supplementary phenotypes: “adventurousness” (defined as the selfreported tendency to be adventurous vs. cautious); four risky behaviors: “automobile speeding
propensity” (the tendency to drive faster than the speed limit), “drinks per week” (the average
number of alcoholic drinks consumed per week), “ever smoker” (whether one has ever been a
smoker), and “number of sexual partners” (the lifetime number of sexual partners); and the first
principal component (PC) of these four risky behaviors, which we interpret as capturing the
general tendency to take risks across domains. All seven phenotypes are coded such that higher
phenotype values are associated with higher risk tolerance or risk taking. Table 2.1 lists, for
each GWAS, the datasets we analyzed and the GWAS sample sizes.

Results
Association analyses
All seven GWAS were performed in European-ancestry subjects; included controls for the top
10 (or more) principal components of the genetic relatedness matrix and for sex and birth year
(Supplementary Table 2); and followed procedures described in a pre-specified analysis plan
and in the Supplementary Note.
In the discovery phase of our GWAS of general risk tolerance (n = 939,908), we conducted a
GWAS using the UK Biobank (UKB, n = 431,126) and then performed a sample-size-weighted
meta-analysis of those results with GWAS results from a sample of research participants from
23andMe (n = 508,782). The UKB measure of general risk tolerance is based on the question:
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“Would you describe yourself as someone who takes risks? Yes / No.” The 23andMe measure
is based on a question about overall comfort taking risks, with five response options ranging
from “very comfortable” to “very uncomfortable.” The genetic correlation9 between the UKB
and 23andMe cohorts (  = 0.77, SE = 0.02) is smaller than one but high enough to justify our
approach of pooling the two cohorts (see Section 2 in the Supplementary Note of ref. 10 for a
theoretical demonstration of the merits of pooling cohorts despite moderate heterogeneity of
phenotype measures).
The Q-Q plot (Supplementary Fig. 1a) from the discovery GWAS exhibits substantial
inflation (GC = 1.41). According to the estimated intercept from a linkage disequilibrium (LD)
Score regression11, only a small share of this inflation (~5%) in test statistics is due to
confounding biases such as cryptic relatedness and population stratification. To account for
these biases, we inflated GWAS standard errors by the square root of the LD Score regression
intercept12.
We identified 124 approximately independent SNPs (pairwise r2 < 0.1) that attained genomewide significance (P < 510–8). These 124 “lead SNPs” are listed in Supplementary Table 3
and shown in Figure 2.1a. All have coefficients of determination (R2’s) below 0.02%, and the
SNP with the largest per-allele effect is estimated to increase general risk tolerance by ~0.026
standard deviations in our discovery sample (Supplementary Fig. 2). To test if the lead SNPs’
effect sizes are heterogeneous across the 23andMe and UKB cohorts, we generated an omnibus
test statistic by summing Cochran’s Q statistics across all lead SNPs; consistent with our genetic
correlation estimate of less than unity between the two cohorts, we rejected the null hypothesis
of homogeneity (P = 4.3210–5; Supplementary Note). To define genomic loci around the
lead SNPs, we took the physical regions containing all SNPs in LD (pairwise r2 > 0.6) with the
lead SNPs and merged loci within 250 kb of each other; the 124 lead SNPs are located in 99
such loci (Supplementary Table 3). We supplemented those analyses with a conditional and
joint multiple-SNP (COJO) analysis13, which identified 91 genome-wide significant
“conditional associations” (Supplementary Table 3).
In the replication phase of our GWAS of general risk tolerance (combined n = 35,445), we
meta-analyzed summary statistics from ten smaller cohorts. Additional details on cohort-level
phenotype measures are provided in Supplementary Table 4. The cohorts’ survey questions
differ in terms of their exact wording and number of response categories, but all questions ask
subjects about their overall or general attitudes toward risk. The genetic correlation9 between
the discovery and replication GWAS is 0.83 (SE = 0.13). 123 of the 124 lead SNPs were
available or well proxied by an available SNP in the replication GWAS results. Out of these
123 SNPs, 94 have a concordant sign (P = 1.710–9) and 23 are significant at the 5% level in
one-tailed t tests (P = 4.510–8) (Supplementary Fig. 3). This empirical replication record
closely matches theoretical projections that take into account sampling variation and the
winner’s curse (Supplementary Note).
In the UKB we tested and confirmed that a much higher fraction of males (34%) than females
(19%) described themselves as risk tolerant on the general risk tolerance measure (t-test P <
   ; Supplementary Fig. 4), consistent with much prior research14,15. We used
bivariate LD Score regression12 to calculate the genetic correlation between GWAS performed
separately in the sample of females and in the sample of males in the UKB. Our estimate (  =
0.822, SE = 0.033) is high enough to justify our approach of pooling males and females in our
other analyses to maximize statistical power10. Nonetheless, our estimate is significantly
smaller than unity, suggesting that the autosomal genetic factors contributing to general risk
tolerance, while largely similar across sexes, are not identical.
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Our six supplementary GWAS—of adventurousness, the four risky behaviors, and their
principal component (n = 315,894 to 557,923; Supplementary Tables 4-5)—were conducted
using methods comparable to those in the primary GWAS, except that they had no replication
phases and most involved a single large cohort. Supplementary Fig. 1 shows Q-Q plots and
Supplementary Fig. 5 shows Manhattan plots.
Table 2.1 provides a summary overview of the seven GWAS. We identified a total of 864 “lead
associations”: the sum total of the 124 general-risk-tolerance lead SNPs together with the 740
lead SNPs from the six supplementary GWAS. (These 864 lead associations were obtained by
considering each of our seven phenotypes separately and using the standard genome-wide
significance P value threshold of 510–8. If we instead consider the seven GWAS jointly and
use a Bonferroni-corrected P value threshold of 7.1109 (= 5108/7), we obtain 566 lead
associations across the seven GWAS.) Since we did not have the data to conduct replication
analyses of the lead associations from the supplementary GWAS, we calculated the
“maxFDR”16, a theoretical upper bound on the false discovery rate (FDR), for each GWAS.
The maxFDR estimates were low across all GWAS (the highest estimate was 1.22103, for
automobile speeding propensity), thus providing reassurance about the robustness of the lead
associations.
Applying our locus definition, we identified a total of 703 “locus associations”: the sum total
of the 99 general-risk-tolerance loci together with the 604 loci from the supplementary GWAS
(Supplementary Note). Pooling the loci corresponding to the 703 locus associations, and
merging loci within 250 kb from each other, yields 444 distinct loci. COJO analyses13 identified
a sum total of 655 conditional associations across all seven GWAS. (If we instead consider the
seven GWAS jointly and use a Bonferroni-corrected P value threshold of 7.1109 (=
5108/7), we obtain 464 locus associations and 505 conditional associations across the seven
GWAS.) We verified that the results of the COJO analyses are consistent with those from
multiple regressions using individual-level genotype-dosage data from the UKB
(Supplementary Note). Supplementary Tables 3 and 6-7 report the lead SNPs, the genomic
loci, and the results of the COJO analyses. Table 2.1 also shows the SNP heritabilities17 of the
seven phenotypes, calculated from the GWAS results; the SNP heritabilities range from ~0.05
(for general risk tolerance) to ~0.16 (for the first PC of the four risky behaviors).
We note that 212 of the 864 lead associations are located within long-range LD regions18 or
candidate inversions (i.e., genomic regions that are highly prone to inversion polymorphisms;
Supplementary Note). Of these, only 109 are also conditional associations, and 46 are in loci
that contain no conditional associations, thus indicating that many lead associations in the longrange LD regions or candidate inversions may tag causal variants that are also tagged by other
lead associations. We discuss some of these regions in the next section.

Genetic overlap
There is substantial overlap across the results of our GWAS. For example, 46 of the 99 generalrisk-tolerance loci contain a lead SNP of at least one of the other GWAS, and 72 of the 124
general-risk-tolerance lead SNPs are in weak LD (pairwise r2 > 0.1) with a lead SNP of at least
one of the other GWAS (including 45 for adventurousness and 49 for at least one of the four
risky behaviors or their first PC). To empirically assess if this overlap could be attributed to
chance, we conducted resampling exercises under the null hypothesis that the lead SNPs of our
supplementary GWAS are distributed independently of the general-risk-tolerance loci and lead
SNPs. We strongly rejected this null hypothesis (P < 0.0001; Supplementary Note).
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Several long-range LD regions, candidate inversions, and LD blocks19 stand out for being
associated both with general risk tolerance and with all or most of the supplementary
phenotypes. We tested whether the signs of the lead SNPs located in these regions tend to be
concordant across our primary and supplementary GWAS. We strongly rejected the null
hypothesis of no concordance (P < 310–30; Supplementary Note), suggesting that these
regions represent shared genetic influences, rather than colocalization of causal SNPs. Figure
2.1b and Supplementary Fig. 6 show local Manhattan plots for some of these long-range LD
regions and candidate inversions. The long-range LD region18 on chromosome 3 (~83.4 to 86.9
Mb) contains lead SNPs from all seven GWAS as well as the most significant lead SNP from
the general-risk-tolerance GWAS, rs993137 (P = 2.1410–40), which is located in the gene
CADM2. Another long-range LD region, on chromosome 6 (~25.3 to 33.4 Mb), covers the
HLA-complex and contains lead SNPs from all GWAS except drinks per week. Three candidate
inversions on chromosomes 7 (~124.6 to 132.7 Mb), 8 (~7.89 to 11.8 Mb), and 18 (~49.1 to
55.5 Mb) contain lead SNPs from six, five, and all seven of our GWAS, respectively. Finally,
four other LD blocks19 that do not overlap known long-range LD or candidate inversion regions
each contain lead SNPs from five of our GWAS (including general risk tolerance). While many
of the lead SNPs in these regions are not conditional associations, the above results regarding
the numbers of GWAS with lead SNPs in these regions also hold if we only consider the
conditional associations instead of the lead SNPs in those regions. The two long-range LD
regions and the three candidate inversions have previously been found to be associated with
numerous phenotypes, including many cognitive and neuropsychiatric phenotypes20.
To investigate genetic overlap at the genome-wide level, we estimated genetic correlations with
self-reported general risk tolerance using bivariate LD Score regression9. (For this and all
subsequent analyses involving general risk tolerance, we used the summary statistics from the
combined meta-analysis of our discovery and replication GWAS.) The estimated genetic
correlations with our six supplementary phenotypes are all positive, larger than ~0.25, and
highly significant (P < 2.310–30; Figure 2.2), indicating that SNPs associated with higher
general risk tolerance also tend to be associated with riskier behavior. The largest estimated
genetic correlations are with adventurousness (  = 0.83, SE = 0.01), number of sexual partners
(0.52, SE = 0.02), automobile speeding propensity (0.45, SE = 0.02), and the first PC of the
four risky behaviors (0.50, SE = 0.02).
Our estimates of the genetic correlations between general risk tolerance and the supplementary
risky behaviors are substantially higher than the corresponding phenotypic correlations
(Supplementary Tables 8 and 9). Although measurement error partly accounts for the low
phenotypic correlations, the genetic correlations remain considerably higher even after
adjustment of the phenotypic correlations for measurement error. The comparatively large
genetic correlations support the view that a general factor of risk tolerance partly accounts for
cross-domain correlation in risky behavior21,22 and imply that this factor is genetically
influenced. The lower phenotypic correlations suggest that environmental factors are more
important contributors to domain-specific risky behavior23,24.
To increase the precision of our estimates of the SNPs’ effects on general risk tolerance, we
leveraged the high degree of genetic overlap across our phenotypes by conducting Multi-Trait
Analysis of GWAS (MTAG)16. We used as inputs the summary statistics of our GWAS of
general risk tolerance, of our first five supplementary GWAS (i.e., not including the first PC of
the four risky behaviors), and of a previously published GWAS on lifetime cannabis use25
(Supplementary Note). MTAG increased the number of general-risk-tolerance lead SNPs
from 124 to 312 (Supplementary Fig. 7 and Supplementary Table 10).
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We also estimated genetic correlations between general risk tolerance and 28 additional
phenotypes (Figure 2.2 and in Supplementary Table 9). These included phenotypes for which
we could obtain summary statistics from previous GWAS, as well as five phenotypes for which
we conducted new GWAS. The estimated genetic correlations for the personality traits
extraversion (  = 0.51, SE = 0.03), neuroticism (–0.42, SE = 0.04), and openness to experience
(0.33, SE = 0.03) are significantly distinguishable from zero after Bonferroni correction and
are substantially larger in magnitude than previously reported phenotypic correlations26,
pointing to shared genetic influences among general risk tolerance and these traits. After
Bonferroni correction, we also found significant positive genetic correlations with the
neuropsychiatric phenotypes ADHD, bipolar disorder, and schizophrenia. Viewed in light of
the genetic correlations we found with some supplementary phenotypes and additional risky
behaviors classified as externalizing (e.g., substance use, elevated sexual behavior, and fast
driving), these results suggest the hypothesis that the overlap with the neuropsychiatric
phenotypes is driven by their externalizing component27.
Polygenic prediction
We constructed polygenic scores of general risk tolerance to gauge their potential usefulness in
empirical research (Supplementary Note). We used the Add Health, HRS, NTR, STR, UKBsiblings, and Zurich cohorts as validation cohorts (Supplementary Table 5 provides an
overview of these cohorts; the UKB-siblings cohort comprised individuals with at least one full
sibling in the UKB). For each validation cohort, we constructed the score using summary
statistics from a meta-analysis of our discovery and replication GWAS that excluded the cohort
(for the UKB-siblings cohort, we reran our UKB GWAS after excluding individuals from that
cohort). Our measure of predictive power is the incremental R2 (or pseudo-R2) from adding the
score to a regression of the phenotype on controls for sex, birth year, and the top ten principal
components of the genetic relatedness matrix.
Our preferred score was constructed with LDpred28. Our largest validation cohort (  35,000)
is the UKB-siblings cohort. In that validation cohort, the score’s predictive power is 1.6% for
general risk tolerance, 1.0% for the first PC of the four risky behaviors, 0.8% for number of
sexual partners, 0.6% for automobile speeding propensity, and ~0.15% for drinks per week and
ever smoker. Across our validation cohorts, in which other phenotypes are measured, the score
is also predictive of several personality phenotypes and a suite of real-world measures of risky
behaviors in the health, financial, career, and other domains (Supplementary Figs. 8-9 and
Supplementary Tables 11-14). The incremental R2 we observe for general risk tolerance is
consistent with our theoretical prediction, given the GWAS sample sizes, the SNP heritability
of general risk tolerance (Table 2.1), and the imperfect genetic correlations across the GWAS
and validation cohorts29,30 (Supplementary Note).
Biological annotation
To gain insights into the biological mechanisms through which genetic variation influences
general risk tolerance, we conducted a number of bioinformatics analyses using the results of
the combined meta-analysis of our discovery and replication GWAS of general risk tolerance.
First, we systematically reviewed the literature that aimed to link risk tolerance to biological
pathways (Supplementary Note). Our review covered studies based on candidate genes (i.e.,
specific genetic variants used as proxies for biological pathways), pharmacological
manipulations, biochemical assays, genetic manipulations in rodents, as well as other research
designs. Our review identified 132 articles that matched our search criteria (Supplementary
Table 2.1). This previous work has focused on five main biological pathways: the steroid
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hormone cortisol, the monoamines dopamine and serotonin, and the steroid sex hormones
estrogen and testosterone. Using a MAGMA31 competitive gene-set analysis, we found no
evidence that SNPs within genes associated with these five pathways tend to be more associated
with general risk tolerance than SNPs in other genes (Supplementary Table 15). Furthermore,
none of the other bioinformatics analyses we report below point to these pathways.
We also examined the 15 most commonly tested autosomal genes within the dopamine and
serotonin pathways, which were the focus of most of the 34 candidate-gene studies identified
by our literature review. We verified that the SNPs available in our GWAS results tag most of
the genetic variants typically used to test the 15 genes. Across one SNP-based test and two
gene-based tests, we found no evidence of non-negligible associations between those genes and
general risk tolerance (Figure 2.1c and Supplementary Table 16). (We note, however, that
some brain regions identified in analyses we report below are areas where dopamine and
serotonin play important roles.)
Second, we performed a MAGMA31 gene analysis to test each of ~18,000 protein-coding genes
for association with general risk tolerance (Supplementary Note). After Bonferroni correction,
285 genes were significant (Supplementary Fig. 10 and Supplementary Table 17). To gain
insight into the functions and expression patterns of these 285 genes, we looked them up in the
Gene Network32 co-expression database.
Third, to identify relevant biological pathways and identify tissues in which genes near generalrisk-tolerance-associated SNPs are expressed, we applied the software tool DEPICT33 to the
SNPs with P values less than 10–5 in our GWAS of general risk tolerance (Supplementary
Note).
Both the Gene Network and the DEPICT analyses separately point to a role for glutamate and
GABA neurotransmitters, which are the main excitatory and inhibitory neurotransmitters in the
brain, respectively34 (Figure 2.3a and Supplementary Tables 18 and 19). To our knowledge,
with the exception of a recent study35 prioritizing a much larger number of genes and pathways,
no published large-scale GWAS of cognition, personality, or neuropsychiatric phenotypes has
pointed to clear roles both for glutamate and GABA (although glutamatergic neurotransmission
has been implicated in recent GWAS of schizophrenia36 and major depression37). Our results
suggest that the balance between excitatory and inhibitory neurotransmission may contribute to
variation in general risk tolerance across individuals.
The Gene Network and the DEPICT tissue enrichment analyses also both separately point to
enrichment of the prefrontal cortex and the basal ganglia (Figure 2.3b and Supplementary
Tables 18, 20, and 21). The cortical and subcortical regions highlighted by DEPICT include
some of the major components of the cortical-basal ganglia circuit, which is known as the
reward system in human and non-human primates and is critically involved in learning,
motivation, and decision-making, notably under risk and uncertainty38,39. We caution, however,
that our results do not point exclusively to the reward system.
Lastly, we used stratified LD Score regression40 to test for the enrichment of SNPs associated
with histone marks in 10 tissue or cell types (Supplementary Note). Central nervous system
tissues are the most enriched, accounting for 44% (SE = 3%) of the heritability while
comprising only 15% of the SNPs (Supplementary Fig. 11a and Supplementary Table 22).
Immune/hematopoietic tissues are also significantly enriched. While a role for the immune
system in modulating risk tolerance is plausible given prior evidence of its involvement in
several neuropsychiatric disorders36,37, future work is needed to confirm this result and to
uncover specific pathways that might be involved.
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Discussion
Our results provide insights into biological mechanisms that influence general risk tolerance.
Our bioinformatics analyses point to the role of gene expression in brain regions that have been
identified by neuroscientific studies on decision-making, notably the prefrontal cortex, basal
ganglia, and midbrain, thereby providing convergent evidence with that from neuroscience38,39.
Yet our analyses failed to find evidence for the main biological pathways that had been
previously hypothesized to influence risk tolerance. Instead, our analyses implicate genes
involved in glutamatergic and GABAergic neurotransmission, which were heretofore not
generally believed to play a noteworthy role in risk tolerance.
Although our focus has been on the genetics of general risk tolerance and risky behaviors,
environmental and demographic factors account for a substantial share of these phenotypes’
variation. We observe sizeable effects of sex and age on general risk tolerance in the UKB data
(Supplementary Fig. 4), and life experiences have been shown to affect both measured risk
tolerance and risky behaviors (e.g., refs. 41,42). The GWAS results we have generated will allow
researchers to construct and use polygenic scores of general risk tolerance to measure how
environmental, demographic, and genetic factors interact with one another.
For the behavioral sciences, our results bear on an ongoing debate about the extent to which
risk tolerance is a “domain-general” as opposed to a “domain-specific” trait. Low phenotypic
correlations in risk tolerance across decision-making domains have been interpreted as
supporting the domain-specific view23,24. Across the risky behaviors we study, we found that
the genetic correlations were considerably higher than the phenotypic correlations (even after
the latter are corrected for measurement error) and that many lead SNPs are shared across our
phenotypes. These observations suggest that the low phenotypic correlations across domains
are due to environmental factors that dilute the effects of a genetically-influenced domaingeneral factor of risk tolerance.
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Figures and tables – Chapter 2
a

b

c

Figure 2.1. Manhattan plots. In all panels, the x-axis is chromosomal position; the y-axis is
the GWAS P value on a log10 scale (based on a two-tailed z-test); each lead SNP is marked
by a red “”; each conditional association is marked by a red “o”; and each SNP that is both a
lead SNP and a conditional association is marked by a red “”. a, Manhattan plots for the
discovery GWAS of general risk tolerance (n = 939,908). b, Local Manhattan plots of a longrange LD region on chromosome 3 and a candidate inversion on chromosome 18 that contain
lead SNPs for all seven of our GWAS. The gray background marks the locations of long-range
LD or candidate inversion regions. c, Local Manhattan plots of the areas around the 15 most
commonly tested candidate genes in the prior literature on the genetics of risk tolerance. Each
local plot shows all SNPs within 500 kb of the gene’s borders that are in weak LD    
with a SNP in the gene. The 15 plots are concatenated and shown together in the panel, divided
by the black vertical lines. The 15 genes are not particularly strongly associated with general
risk tolerance or the risky behaviors, as can be seen by comparing the results within each row
across panels b and c (the three rows correspond to the GWAS of general risk tolerance,
adventurousness (n = 557,923), and the first PC of the four risky behaviors (n = 315,894)).
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Figure 2.2. Genetic correlations with general risk tolerance. The genetic correlations were
estimated using bivariate LD Score (LDSC) regression9. Error bars show 95% confidence
intervals. For the supplementary phenotypes and the additional risky behaviors, green bars
represent significant estimates with the expected signs, where higher risk tolerance is associated
with riskier behavior. For the other phenotypes, blue bars represent significant estimates. Light
green and light blue bars represent genetic correlations that are statistically significant at the
5% level, and dark green and dark blue bars represent correlations that are statistically
significant after Bonferroni correction for 35 tests (the total number of phenotypes tested). Grey
bars represent correlations that are not statistically significant at the 5% level. The two dotted
vertical lines indicate genetic correlations of –0.5 and 0.5, respectively. All significance tests
are two-sided.
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Figure 2.3. Results from selected biological analyses. a, DEPICT gene-set enrichment
diagram. We identified 93 reconstituted gene sets that are significantly enriched (FDR < 0.01)
for genes overlapping DEPICT-defined loci associated with general risk tolerance; using the
Affinity Propagation method43, these were grouped into the 13 clusters displayed in the graph.
Each cluster was named after its exemplary gene set, as chosen by the Affinity Propagation
tool, and each cluster’s color represents the permutation P value of its most significant gene
set. The “synapse part” cluster includes the gene set “glutamate receptor activity,” and several
members of the “GABAA receptor activation” cluster are defined by gamma-aminobutyric acid
signaling. Overlap between the named representatives of two clusters is represented by an edge.
Edge width represents the Pearson correlation  between the two respective vectors of gene
membership scores ( < 0.3, no edge; 0.3   < 0.5, thin edge; 0.5   < 0.7, intermediate edge;
  0.7, thick edge). b, Results of DEPICT tissue enrichment analysis using GTEx data. The
panel shows whether the genes overlapping DEPICT-defined loci associated with general risk
tolerance are significantly overexpressed (relative to genes in random sets of loci matched by
gene density) in various tissues. Tissues are grouped by organ or tissue type. The orange bars
correspond to tissues with significant overexpression (FDR < 0.01). The y-axis is the
significance on a log10 scale. See Supplementary Note for additional details.
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UKB

First PC of the four risky behaviors
315,894

370,711

518,633
1.77

1.77

1.97

1.61

1.05 (0.01)

1.04 (0.01)

1.05 (0.01)

1.03 (0.01)

1.03 (0.01)

1.05 (0.01)

1.04 (0.01)

1.00 (0.07)

LD Score
intercept
(SE)
1.04 (0.01)

106

117

223

85

42

167

132

0

124

# lead
SNPs

89

97

183

62

36

137

107

0

99

# loci

84

88

172

61

33

126

97

0

91

# cond.
assoc.

0.156 (0.004)

0.128 (0.003)

0.109 (0.003)

0.085 (0.003)

0.079 (0.003)

0.098 (0.002)

0.045 (0.001)

--

0.046 (0.001)

SNP h2 (SE)

The table provides an overview of the GWAS of our primary and supplementary phenotypes. Replication analysis of the lead SNPs’ association
results in independent cohorts was only conducted for the discovery GWAS of general risk tolerance. “n”: GWAS sample size; “Mean   ”: mean
GWAS chi-squared statistics across HapMap3 SNPs with minor allele frequency (MAF) greater than 0.01; “LD Score intercept”: estimate of the
intercept from a LD Score regression11 using HapMap3 SNPs with MAF greater than 0.01; “# lead SNPs”: number of approximately independent
(pairwise r2 < 0.1) lead SNPs; “# loci”: number of associated loci; “# cond. assoc.”: number of conditional associations in the COJO analysis13;
“SNP h2”: SNP heritability estimated with the Heritability Estimator from Summary Statistics (HESS) method17 using 1000 Genomes phase 3
SNPs with MAF greater than 0.05; “disc.”: discovery; “repl.”: replication; “indep.”: independent.

UKB; TAG Consortium

UKB

Ever smoker

Number of sexual partners

44

414,343

UKB

Drinks per week

1.53

1.98

557,923
404,291

UKB

1.87

975,353

Automobile speeding propensity

1.03

General risk tolerance (repl. GWAS) 10 indep. cohorts
UKB; 23andMe; 10 indep.
General risk tolerance (disc. + repl.)
cohorts
Adventurousness
23andMe

1.85

Mean


35,445

n
939,908

Cohorts analyzed

General risk tolerance (disc. GWAS) UKB; 23andMe

GWAS

Table 2.1 | GWAS results
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Chapter 2 Supplementary Methods
Overview of main GWAS
All analyses were performed at the cohort level according to a pre-specified and publicly
archived analysis plan1. The original analysis plan was archived on February 4, 2016. For selfreported general risk tolerance, the analysis plan specified that the discovery GWAS would be
conducted in the UKB and that the replication would be carried out in a meta-analysis of all
other cohorts.
We updated the analysis plan on November 9, 2016 to include the analysis of the four risky
behaviors and their first PC. For these phenotypes, the analysis plan specified that the GWAS
would be conducted in the UKB. We did not attempt replication for these phenotypes. We
updated the analysis plan a second time on July 10, 2017 to add the 23andMe cohort to the
discovery GWAS of self-reported general risk tolerance. Two minor updates were made on
August 7 and September 14, 2017 to specify that follow-up analyses (such as polygenic
prediction) would be performed, whenever possible, on a meta-analysis combining the
discovery and replication GWAS of general risk tolerance, and that we would add a GWAS of
adventurousness alongside the primary GWAS of general risk tolerance and the other
supplementary GWAS.
Cohorts other than the UKB could join this study by first supplying descriptive statistics and
thereafter GWAS summary statistics from GWAS of self-reported general risk tolerance in
November 2015 and December 2015, respectively. Two additional cohorts, Army STARRS
and VHSS, joined the study later and provided descriptive and GWAS summary statistics in
late 2016. Summary statistics were uploaded to a central, secure server and subsequently metaanalyzed. The lead PI of each cohort affirmed that the results contributed to the study were
based on analyses approved by the local Research Ethics Committee and/or Institutional
Review Board responsible for overseeing research. All participants provided written informed
consent. We also obtained the descriptive and GWAS summary statistics from GWAS of selfreported general risk tolerance and adventurousness from 23andMe in late July 2017. An
overview of the participating cohorts is reported in Supplementary Table 5.
The analysis plan instructed all cohorts to limit the analysis to individuals of European ancestry,
to exclude individuals with missing covariates, to remove samples that displayed a SNP call
rate of less than 95%, and to apply cohort-specific standard quality control filters before
imputation. The cohort-specific standard quality control filters are reported in Supplementary
Table 24. GWAS were limited to the 22 autosomes. The cohorts were required to provide
unfiltered GWAS summary statistics including the following information for each SNP:
chromosome and base-pair position, rsID, effect-coded allele, other allele, sample size per SNP,
coefficient estimate (beta), standard error of the coefficient estimate, P value of the association
uncorrected for genomic control, effect-coded allele frequency (EAF), imputation status,
imputation quality, and Hardy-Weinberg equilibrium exact test P value for directly genotyped
markers.
The analysis plan included power calculations assuming that 100,000 individuals in the UKB
answered “Yes” (“cases”) to the general-risk-tolerance question, and 270,000 individuals
answered “No” (“controls”). Under this assumption, our study would have 73% power to detect
single nucleotide polymorphisms (SNPs) with a minor allele frequency (MAF) of 0.3 and an
odds ratio of 1.05 with a genome-wide significance threshold of P = 510–8.
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For general risk tolerance, the final sample size for the “discovery GWAS” meta-analysis of
the UKB and 23andMe cohorts was 939,908 individuals. Replication was performed in a metaanalysis of 10 independent cohorts from seven studies totaling 35,445 individuals. We will
henceforth refer to this meta-analysis of the 10 replication cohorts as the “replication GWAS.”
The follow-up analyses we describe in the following Supplementary Note sections were
performed with GWAS summary statistics from a meta-analysis combining the discovery and
replication GWAS (n = 975,353), except where otherwise noted.
For adventurousness, GWAS summary statistics from 23andMe were analyzed (n = 557,923).
For three of the four risky behaviors, namely automobile speeding propensity (n = 404,291),
drinks per week (n = 414,343), and number of sexual partners (n = 370,711), and for the first
PC of the four risky behaviors (n = 315,894), GWAS were conducted in the UKB only, as
specified in the updated analysis plan. For the remaining risky behavior, ever smoker, we metaanalyzed the summary statistics from the UKB GWAS (n = 444,598) with those from the
Tobacco, Alcohol and Genetics (TAG) Consortium2 (n = 74,035), leading to a total sample size
of 518,633 (the TAG consortium refers to the ever smoker phenotype as "smoking initiation").

Genotyping and imputation
Genotypingd was performed using a range of common, commercially available genotyping
arrays. An overview of the genotyping and imputation procedure is provided in
Supplementary Table 24. The participating cohorts were encouraged to use their standard
quality-control protocols before imputation, as long as the applied filters satisfied the minimum
requirements specified in the analysis plan (SNP call rate > 95%, HWE exact test P value > 10–
6
, MAF > 1%). For the UKB, different filters were used, following ref.3.
The cohorts, except for 23andMe, Army STARRS, BASE-II, UKB, and VHSS imputed
markers using the 1000 Genomes phase 1 reference panel (March 2012 release version 3).
23andMe used the 1000 Genomes phase 1 (September 2013 haplotype release). Army STARSS
used the 1000 Genomes phase 1 (August 2012 haplotype release). BASE-II used the more
recent reference panel 1000 Genomes phase 3 (October 2014 haplotype release version 5). UKB
used a customized reference panel based on the Haplotype Reference Consortium release 1.1
combined with the UK10K haplotype reference panel4. VHSS used the Haplotype Reference
Consortium release 1.15.
All genetic positions reported in this study are denoted with those of the Genome Reference
Consortium’s human assembly 37 (GRCh37, sometimes referred to as the National Center for
Biotechnology Information hg19).

Association analyses
Cohorts were encouraged to exclude individuals with SNP call rates less than 95%, with
excessive autosomal heterozygosity, and with sex mismatch. Family-based cohorts were
informed to control for family structure either with mixed linear modeling or with a procedure
selecting only one individual in each pair that displayed relatedness greater than 5% in a genetic
relatedness matrix.
The genome-wide association analysis performed in each cohort estimated the following
regression for each SNP, as in Okbay et al. 20166:

d

The UKB genotype data was handled with QCtool, available at http://www.well.ox.ac.uk/~gav/qctool/#overview
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where 6 is the phenotype for individual , 6 is the number of effect-coded alleles of the
SNPe, '&) is a vector of principal components of the genetic relatedness matrix after application
of the pre-imputation filters described above, and () is a vector of control variables. In all
cohorts, ( included controls for sex and birth year. In most cohorts (including the 23andMe
cohort), these included sex, birth year, birth year squared, birth year cubed, and the interactions
between sex and the three birth-year variables; in the UKB, these included sex-specific birth
year fixed effects. &) is a vector containing cohort-specific controls and technical covariates
(such as dummy variables for genotyping array and genotyping batches) that are recommended
in the analysis plan. All associations were performed with males and females pooled. A
summary of the GWAS association models and control variables for each cohort is reported in
Supplementary Table 2.
In practice, the phenotype was often residualized by first regressing the phenotype on the
control variables, and the residualized phenotype was then regressed on the genotypes. This
approach leads to almost identical results as estimating the full regression model directly while
drastically reducing the computation time needed for the GWAS.
Linear mixed models in the UKB
The association analyses in the UKB were performed with linear mixed models (LMM) with
the BOLT-LMM v2.2 software7. The benefit of LMM is that the method accounts for cryptic
relatedness and population structure, which allows the inclusion of related individuals in the
sample, thereby yielding a larger sample size and greater statistical power. Using LMM is
computationally intensive, and the BOLT algorithm is a new method that makes LMM analysis
of hundreds of thousands of individuals computationally feasible. The method requires a set of
SNPs to be included in the genetic variance component, and we included 483,680 directly
genotyped bi-allelic autosomal SNPs with MAF > 0.005 and HWE P value > 10–6. We included
individuals based on self-reported ancestry, specifically those who self-reported to be of
“white” ancestry (i.e., self-reported white, British, Irish, or any other white background). In
addition, we limited the GWAS to individuals for whom the value of the first principal
component of the genetic relatedness matrix was less than “0,” which identifies the cluster of
individuals of European ancestry. We dropped individuals whose reported sex did not match
their genetic sex, individuals with putative sex chromosome aneuploidy, individuals that did
not pass the UKB internal genotype quality control, and individuals with missing values.

Main reference panel
The full release of the UK Biobank genetic data was imputed with haplotypes from the
Haplotype Reference Consortium v1.1 (HRC) and the UK10K haplotype reference panel4. A
recommendation was communicated soon after the release of the genotype data in July 2017.
It was recommended that only SNPs available in the HRC be used for analysis, because a subset
of variants imputed from the UK10K reference panel have wrongfully imputed genomic
positions, while none of the HRC SNPs are affected. We therefore used the HRC v.1.1 as the
reference panel for quality control of the GWAS summary statistics, and to determine the
independence of significant SNPs. The following section describes our quality control of the

e
For imputed SNPs we used best-guess data for samples that were imputed with IMPUTE46, and dosage data for
samples that were imputed with MaCH/Minimac47.
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HRC whole-genome sequence data (WGS) when constructing the reference panel. We will
hereafter refer to the resulting reference panel as the “main reference panel.”
Quality-control of the main reference panel
The HRC haplotypes were downloaded from the European Genome-phenome Archive (EGA)
on August 1, 2017. Strict internal quality control had already been applied to the WGS data, as
described in-depth elsewhere5, and we restricted the main reference panel to variants that passed
all pre-applied genotype call filters (i.e., variants whose VCF FILTER status is “PASS”; these
pre-applied filters included, among other filters, a filter to remove variants with minor allele
count (MAC)  5.) Before our internal QC the WGS data contained 40,405,506 autosomal and
X-chromosome SNPs. The following protocol was restricted to the 39,131,579 autosomal SNPs
because the pre-registered analysis plan restricts our analyses to the autosomes. The HRC
reference panel does not include any structural variants, such as INDELs5.
We performed a series of best-practice alignments of the WGS data for consistent and unique
identification of variants8 with the open-source software BCFtoolsf created by the Wellcome
Trust Sanger Institute. Because PLINK cannot properly handle truly multi-allelic variants, we
split multi-allelic variants into multiple bi-allelic variants. We then confirmed that all reference
alleles and genomic positions matched the Genome Reference Consortium Human genome
build 37 (GRCh37)9. To avoid issues with chromosomal positions mapping to multiple NCBI
marker IDs (rsIDs), all rsIDs were removed, and all variants were given a unique identifier
(henceforth referred to the as the “unique ID”) in the form of chromosome, base-pair position,
reference allele, and alternative allele, separated by colons (e.g., 1:123456:C:T). Using this
format for variant IDs, together with the alignment to the reference genome GRCh37, ensures
a unique representation of all SNPs and a lack of duplicate variants with switched reference
alleles (e.g., 1:123456:C:T and 1:123456:T:C).
To avoid possible issues with inconsistencies with the UK10K haplotype reference in future
work that may use that reference, we investigated possible strand and allele issues across the
reference panels. By comparing the reference alleles and allele frequencies we found 24,394
variants with inconsistent alleles, and we decided to drop these from the main reference panel
so that they would be removed during QC of the GWAS summary statistics.
We converted the VCF data to PLINK binary format with PLINK v.1.9b3.4610, and we removed
all multi-allelic variants (without retaining any of the multi-allelic variants coded as bi-allelic
SNPs). Monomorphic SNPs (i.e., SNPs with MAF = 0) were kept in the reference panel as
recommended5. We thereafter excluded one member of each pair of individuals with genomic
relatedness greater than 0.025 from the sample, which removed 4,917 individuals of the 22,691
individuals for whom data were available for all autosomes in the VCF data.
In summary, the main reference panel consists of 17,774 individuals and includes 38,889,224
bi-allelic autosomal SNPs that passed QC.
rsID mapping
Since rsIDs were removed from the SNPs to ensure unique identification, we created a map file
so that each SNP could be assigned an rsID after meta-analysis, which is performed on the
unique ID format described above (e.g., 1:123456:C:T). The map file contains the rsIDs from
the HRC v1.1 sites list, and because we removed all multi-allelic variants there are no duplicate
rsIDs.
f

BCFtools can be downloaded here: http://samtools.github.io/bcftools/bcftools.html
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UK Biobank genotyping arrays
Combining data from the UK BiLEVE and the UK Biobank Axiom arrays
The participants of the UKB were genotyped with two different but similar genotyping
arrays4,11–13. UKB participants who were enrolled in the UK BiLEVE study (a study of smoking
behavior, lung function, and chronic obstructive pulmonary disease11) were genotyped with the
UK BiLEVE array (n ~ 50,000), and the remaining participants were genotyped with the UK
Biobank Axiom array (n ~ 400,000). Henceforth, we will refer to these two sets of UK Biobank
participants as the UK BiLEVE and the UKB Axiom cohorts.
While the UK Biobank (UKB) is a population-based study12 collected during 2006–2010, the
sample selection for the UK BiLEVE study began at a later stage, in 2012. The UK BiLEVE
participants were selected from among the European-ancestry individuals in the UK Biobank11,
based on being in the “middles and extremes of the forced expiratory volume in 1 s (FEV1)
distribution among heavy smokers (mean 35 pack-years) and never smokers.”11 Because the
UKB Axiom cohort is the complement of the UK BiLEVE cohort, the UK Axiom cohort is also
non-random, being under-sampled on heavy smokers and never smokers. It is thus only the
complete UKB that is a population-based study without any particular sampling scheme based
on lung function and smoking, while the UK BiLEVE and UKB Axiom cohorts are selected
subsamples of the UKB.
We decided to analyze the UKB as a single cohort, rather than treating the UK BiLEVE and
the UKB Axiom cohorts as two separate cohorts to be analyzed separately and then included in
the meta-analysis as separate cohorts. (As indicated in Supplementary Note section 2.3, we
included fixed effects to control for the genotyping arrays in the GWAS analyses.) Several
factors led us to analyze the UKB as a single cohort. First, this allowed us to control for cryptic
relatedness across the BiLEVE and Axiom samples with linear mixed models (LMM) with the
BOLT-LMM v2.2 software7. Analyzing the two cohorts separately would have necessitated
dropping individuals who have relatives in the other cohort. Second, to our knowledge no
published studies have analyzed the two cohorts separately. The pre-print of the UKB flagship
paper4, as well as many other recent large-scale GWAS14–16, also analyzed the UKB as a single
cohort.
During the revision stage, a Referee raised the point that our GWAS results could be sensitive
to our decision of analyzing the UKB as a single cohort. Though we believe it is preferable to
treat the UKB as a single cohort, it would be worrying if our results were sensitive to that
decision. To verify that, we repeated our discovery GWAS of general risk tolerance and our
GWAS of ever smoker, this time treating the UK BiLEVE and the UKB Axiom cohorts as two
separate cohorts (and meta-analyzing the results). As we report in Supplementary Note
section 3.5, the results barely changed.
Quality control of allele-frequency differences between the UK Biobank genotyping arrays
It was communicated that the first release of UKB data contained a small set of 65 autosomal
SNPs that appeared to have flipped reference alleles contingent on the array. A subset of these
had unfortunately been used during the imputation procedure. We already control for genotype
array and batch during GWAS analyses, but as an additional QC step beyond excluding the 65
previously reported flipped SNPs, we investigated the allele frequencies across the arrays to be
sure that our results were unaffected by artifacts from the genotyping procedure. It should be
noted that the participants genotyped with the UK BiLEVE array were chosen based on lung
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function and smoking behavior11, but the sample is in all other respects comparable to the rest
of the UK Biobank17.
We restricted the imputed genotype data to unrelated individuals of British ancestry to ensure
that allele-frequency differences across the genotyping arrays would not be caused by
differences in the proportion of ancestries or be affected by dependent observations. With
PLINK10, we calculated the allele frequencies contingent on the genotyping array for both the
directly genotyped and imputed SNPs. Because our quality-control protocol, described in the
next section, restricts the GWAS to SNPs with MAF A 0.001, we chose not to investigate SNPs
with MAF < 0.001 (in the imputed genotype data) for allele-frequency differences between the
UKB genotyping arrays. SNPs available on only one of the genotyping arrays and SNPs that
were not available in our main reference panel were not considered in this investigation of
allele-frequency differences.
For each SNP included in the investigation, three quantities measuring differences in allele
frequencies were examined: the absolute value of the difference between the two arrays and the
absolute value of the difference between the main reference panel and each of the arrays. We
flagged a SNP as problematic if it fulfilled the following two conditions: (1) if the absolute
value of the difference between the two arrays was greater than 0.25; and (2) if the absolute
value of the difference between the main reference panel and at least one of the genotyping
arrays was greater than 0.25. The comparison resulted in 600 flagged autosomal SNPs
(including the 65 SNPs that were already reported as problematic) that were removed from the
UKB summary statistics during QC in Supplementary Note section 2.6.2.

Description of major steps in quality-control (QC) analyses
For each cohort, we applied a stringent quality-control protocol based on the EasyQC software
(version 9.2) developed by the GIANT consortium18, as well as additional steps developed by
the Social Science Genetic Association Consortium6,19. All issues raised during implementation
of the protocol described below were resolved through iterations between the meta-analyst and
the cohort analysts before any GWAS summary statistics were forwarded for meta-analysis.
Pre-QC verification and harmonization of GWAS summary statistics
All cohorts were asked to supply descriptive statistics and phenotype definitions according to
the pre-specified analysis plan1. The completeness of these documents was assessed as the first
step of the quality control, together with examination of the uploaded GWAS summary
statistics. All GWAS summary statistics were harmonized to ensure that the SNP identifier was
in an admissible format (i.e. either an rsID, or in a format containing the chromosome, base pair
(bp), and the two alleles of the SNP), that the missing string operator was set to “NA,” and that
all files had the same column delimiter.
Filters applied before EasyQC protocol
Following recommendations provided by the UK Biobank, we removed the 65 autosomal SNPs
from the UKB that had been flagged as having incorrect annotation, together with the additional
535 SNPs that we flagged in section 1.5, before applying the EasyQC protocol described below.
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Also, for cohorts imputed with the September or December 2013 haplotype release of the 1000
Genomes imputation reference panel, we removed 737 SNPs with incorrect strand alignmentg.
EasyQC protocol
The filters applied in the EasyQC software are explained below in chronological order of
implementation. Note that the order of the filters does not influence the outcome of the cleaned
GWAS summary statistics (although it affects at which specific filter a SNP is removed). The
number of SNPs filtered at each step of the EasyQC protocol is reported in Panel A of
Supplementary Table 25.
Step 1 in the EasyQC protocol filtered out SNPs for which either the effect-coded allele or the
other allele has values different from “A,” “C,” “G,” or “T.” This step removed all structural
variants such as INDELs.
Step 2 filtered out SNPs with missing values for one or more of the following variables: P
value, an estimated effect size (beta) or its standard error, frequency of the reference allele,
imputation status, and imputation accuracy (conditional on the SNP being imputed). This filter
also removed SNPs with nonsense values outside of permissible ranges such as negative or
infinite standard errors, nonsensical P values, allele frequencies greater than 1 or below 0, as
well as imputation status not equal to 1 or 0.
The thresholds chosen for the filters applied in steps 3 to 5 are summarized in Supplementary
Table 26. Step 3 filtered out SNPs with a MAF below 0.1% for the UKB and 23andMe cohorts
and below 1% for all other cohorts; this effectively removed any SNPs that were monomorphic
in the summary statistics. Step 4 excluded SNPs based on imputation accuracy with a threshold
contingent on the cohort-specific imputation software (0.6 for MACH, 0.7 for IMPUTE, and
0.8 for PLINK). Step 5 filtered out directly genotyped SNPs with a Hardy-Weinberg
equilibrium exact test P value below a threshold contingent on the cohort sample size. The
applied thresholds were 10–3 if  > , 10–4 if  @  > , and 10–5 if  @
 > .
Two additional filters were applied to ensure that only high-quality SNPs were being forwarded
to the meta-analysis; step 6 removed SNP j if
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where #F5 is the standard deviation of the phenotype, 7 is the sample size,7 is the standard
error of the coefficient estimate for SNP j, and  7 is the minor allele frequency of SNP j.
This filter eliminates SNPs whose coefficient estimates have standard errors that are more than
~40% larger than what would be expected given the sample size, the MAF of the SNP, and the
standard deviation of the phenotype. The second additional filter, step 7, removes SNPs with
coefficient estimates larger than what would correspond to an R2 greater than 5%. We adapted
the filter from Okbay et al.6 using an approximation to the R2: SNP j is dropped if

g

The announcements are available on the webpage of IMPUTE2
https://mathgen.stats.ox.ac.uk/impute/data_download_1000G_1_integrated_SHAPEIT2_16-06-14.html and
https://mathgen.stats.ox.ac.uk/impute/data_download_1000G_phase1_integrated_SHAPEIT2_9-12-13.html
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Step 8 filtered out duplicate SNPs (SNPs with identical NCBI build 37 (UCSC hg19)
chromosome and base-pair positions). This was implemented after the chromosome and basepair positions of the SNPs had been harmonized with the main reference panel described above.
Step 9 aligned the SNPs to the main reference panel to ensure that the effect-coded allele was
the same for all SNPs across the cohorts. This step removed SNPs that were not available in the
main reference panel as well as SNPs that displayed an allele mismatch when compared to the
reference (e.g., a SNP with the alleles A and T in the GWAS summary statistics would be
removed if the alleles according to the reference panel were A and G).
Step 10 removed SNPs that deviated from the main reference panel in terms of allele frequency.
A SNP was removed if the absolute difference between its allele frequencies in the cohort’s
data and in the main reference panel was greater than 0.2. Step 10 was applied to all cohorts
including the UKB (for the UKB, this filter was thus applied in addition to the filter described
in Supplementary Note section 2.5 and Supplementary Note section 2.6.2, the purpose of
which was to avoid potential strand issues caused by the two different UKB genotyping arrays).
The output from the quality control was examined to see if any filters removed an unusual or
unexpected number of SNPs. Some cohorts required iterations with the analysts to ensure that
all possible errors were resolved. The number of SNPs filtered at each step of the final quality
control iteration is reported in Panel A of Supplementary Table 25 together with the estimated
genomic inflation factor (!43 ).
Visual inspection of diagnostic plots
Once low-quality SNPs were filtered out, the remaining SNPs were used to produce several
diagnostic plots for each cohort, most of which are the standard output of the EasyQC software.
Visual inspection of these plots enabled the identification of possible issues or errors in the
GWAS summary statistics of each cohort; for a more thorough discussion we refer the
interested reader to Winkler et al.18. For any potential issues observed in these plots, we
contacted the cohort-specific analyst and ensured that the observed issues were completely
resolved. The following plots were examined:
Allele Frequency Plots (AF Plots): The AF plot contrasts the observed allele frequencies with
the expected allele frequencies calculated according to the main reference panel, and the plot
was created before step 10 of the EasyQC protocol. If the sample closely resembles the
reference panel in terms of allele frequencies, then the SNPs should align in a diagonal with
positive slope. This plot enables the analyst to detect deviations in ancestry from the reference
as well as issues related to the alignment of the effect-coded allele. If the wrong effect-coded
allele has been specified, then the AF plot shows a diagonal with negative slope.
P-Z Plots: Inspection of this plot shows if the reported P values are consistent with the reported
coefficient estimates and their standard errors. One common problem observable with the P-Z
plot is an erroneous column header in the GWAS summary statistics, such that the wrong
column is used for either the beta estimates, standard errors or P values in the analysis.
Q-Q Plots: Inspection of Q-Q plots enables visualization of unaccounted-for stratification in
the cohorts. No cohort displayed premature lift-off in the Q-Q plot associated with
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unaccounted-for stratification. The genomic inflation factors !43 are displayed in Panel A of
Supplementary Table 25.
SE Plots: We plotted the observed standard errors (7 ) of the coefficient estimates versus the
standard errors expected given the  7 and the sample size 7 of a given SNP j, and the
standard deviation of the phenotype #F5 (which is equal to 1 if the phenotype has been
standardized). This enables visual inspection to identify groups of outlier SNPs with regard to
the observed standard error. The expected standard error was calculated according to the
following formula:



H7 =


#F5



E 7  7 B ;  7 C
All cohorts had to pass visual inspection as well as inspection of the number of excluded SNPs
at each of the exclusion filters described in the previous subsection before being passed on for
the meta-analysis.

Meta-analysis, adjustment of the standard errors, and test of heterogeneity
of effect sizes across cohorts
Meta-analysis
Sample-size weighted meta-analysis of the cleaned cohort-level GWAS summary statistics
were carried out using the METAL software20. We conducted four main meta-analyses: (1) we
meta-analyzed the discovery GWAS combining the UKB and 23andMe cohorts; (2) we metaanalyzed the results of the 10 replication cohorts without the UKB and 23andMe discovery
cohorts, to obtain our replication GWAS; (3) we meta-analyzed the results of the 10 replication
cohorts together with those of the UKB and 23andMe discovery cohorts for the follow-up
analyses that use GWAS summary statistics; and (4) we meta-analyzed the results from our
UKB GWAS of ever smoker with those from the TAG Consortium2. No meta-analyses were
conducted for the five other supplementary GWAS, because data for these GWAS each came
from only one cohort (either the UKB or the 23andMe cohort).
All meta-analyses were performed with the unique ID format as the identifier of each SNP (e.g.,
1:123456:C:T)19. All meta-analyses were restricted to SNPs with a sample size greater than half
of the maximum sample size across all the SNPs in the GWAS. Thus, because the discovery
GWAS of general risk tolerance consists only of the 23andMe and UKB cohorts and because
the 23andMe cohort is slightly larger than the UKB, all 9,284,738 SNPs available in the
23andMe cohort (and no other SNPs) were analyzed in the discovery GWAS of general risk
tolerance. Of these 9,284,738 SNPs, 8,989,321 are available in both the UKB and the 23andMe
cohorts and have a sample size of 931,651 or 939,908h, and 295,417 are available only in the
23andMe cohort and have a sample size of 500,525 or 508,782i. Of the 124 general-risktolerance lead SNPs we report below in Supplementary Note section 3.3, all but one
(rs13251864) are present in both the 23andMe and UKB cohorts. For the replication GWAS of
general risk tolerance, 6,986,015 SNPs were analyzed; 9,339,358 SNPs were analyzed in the
GWAS of adventurousness; and ~11,515,000 SNPS were analyzed in the GWAS of the four

h
i

8,949,622 SNPs have a sample size of 939,908 and 39,699 SNPs have a sample size of 931,651.
290,259 SNPs have a sample size of 508,782 and 5,158 SNPs have a sample size of 500,525.
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risky behaviors and their first PC. Panel B of Supplementary Table 25 reports the number of
SNPs for all the main GWAS.
Adjustment of the standard errors
Instead of applying genomic control with the over-conservative !43 , we inflated the standard
errors by the square root of the estimated intercept from an LD Score regression. This procedure
allows us to correct only for inflation of test statistics caused by population stratification and
other confounding factors rather than polygenicity21.
For the discovery and replication GWAS of general risk tolerance and for the GWAS of ever
smoker—all of which involved meta-analyses of cohort-level data—we only inflated the metalevel standard errors (i.e., we did not inflate the cohort-level standard errors before the metaanalysis). Likewise, for the meta-analysis of the discovery and replication GWAS for the
follow-up analyses, we only inflated the meta-level standard errors. We also inflated the
standard errors of the other supplementary GWAS.
In practice, for a given meta-analysis, the METAL software20 outputs the SNPs’ meta-analyzed
z-statistics, deflated by the square root of the estimated intercept from an LD Score regression.
We use SNP j’s GWAS sample size 7 and minor allele frequency  7 , as well as the
phenotype’s standard deviation #F8 , to approximate the inflated standard error of our estimate
of SNP j’s effect size:
#F8

H7 = D

E 7



 7 B ;  7 C

where D is the square-root of the LD Score intercept used to deflate the z-statistic in
the meta-analysis.
H9
We then used SNP j’s deflated z-statistics 7 to approximate SNP j’s effect size as J7 = 7 
. Since the general-risk-tolerance phenotype is not measured in natural units, and since its
standard deviation differs across cohorts, we normalize it to have a standard deviation of one
when we estimate the SNPs’ effect sizes and standard errors. For consistency, we make the
same assumption when approximating the SNPs’ effect sizes and standard errors for the risky
behaviors and their first PC. Hence, our estimated effect sizes (the J7 ’s) are expressed in
standard-deviation units of the phenotype per effect-coded allele; we hereafter refer to this as a
“standardized beta,” although it is only standardized in terms of standard deviation units of the
phenotype (and not with respect to the genotype). The standard deviations of the phenotypes,
as originally measured, are reported in Supplementary Table 4.
j

The coefficient of determination of SNP j is approximated as22:

H is inflated by the square root of the intercept from the LD score regression, J7 is
Since 7 is deflated and 
neither deflated nor inflated.

j
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  7 B ;  7 C J72

#F82

Evaluation of effect-size heterogeneity across cohorts for general risk tolerance
Following a Referee’s suggestion, we computed Cochran’s Q statistic for the lead SNPs of our
discovery GWAS of general risk tolerance, to evaluate the heterogeneity of our estimates across
the 23andMe and UKB cohorts. (We note, however, that the power of Cochran’s Q test is
limited in our setting23,24, because the discovery meta-analysis consists of only two cohort.) In
addition to examining the P values of Cochran’s Q test for each lead SNP (after Bonferroni
correction for the number of lead SNPs), we generated an omnibus test statistic for
heterogeneity by summing the Cochran Q statistics across all lead SNPs25. Because there are
two cohorts, the Q statistic for each lead SNP has a $ 2 distribution with one degree of freedom.
The sum of these Q statistics is therefore (approximately) $ 2 -distributed with the number of
degrees of freedom being equal to the number of lead SNPs. We report the results in
Supplementary Note section 3.3.2.

Approximately independent lead SNPs, loci, and conditional analysis
Approximately independent lead SNPs
To identify approximately independent genome-wide significant “lead SNPs”, we used
PLINK10 to apply a “clumping algorithm” to the GWAS results. (We define a SNP as “genomewide significant” if its GWAS P value is less than 510–8.) Our clumping algorithm uses four
parameters: a primary P value threshold (510–8), a secondary P value threshold (110–4), an
r2 threshold (0.1), and a SNP window defined in kilobases (1,000,000 kb). First, the SNP with
the lowest P value (less than the primary P value threshold) is taken as the “lead SNP” in the
first clump, and the first clump is formed by all SNPs with a P value smaller than the secondary
P value thresholdk, with an r2 greater than 0.1 with the clump’s lead SNP, and within a distance
less than the SNP window from the lead SNP. (We used a very wide SNP window of 1,000,000
kb, which effectively makes the r2 and P value thresholds the only binding parameters for the
PLINK clumping algorithm.) Next, the SNP with the second lowest P value (less than the
primary P value threshold) outside the first clump becomes the lead SNP of the second clump,
and the second clump is created analogously but using only the SNPs outside of the first clump.
This process continues until every SNP with a P value less than the primary P value threshold
is either defined as the lead SNP of a clump or clumped with another lead SNP. The r2 was
calculated with the main reference panel. Thus, a “lead SNP” is the most significant genomewide significant SNP in an approximately independent clump, and a lead SNP cannot be in the
clump of another lead SNP for the same phenotype.
Definition of non-overlapping, continuous genomic loci
For the purpose of defining non-overlapping, continuous genomic loci, we followed Ripke et
al.26. Ripke et al. defined a locus as “the physical region containing all SNPs correlated at r2 >
0.6 with [one of the lead] SNPs”, and merged associated loci within 250kb of each other into a
single locus. For each of the seven GWAS, we followed this definition and created a set of loci.
We report the identified loci in Supplementary Note section 3, and the loci are listed
k
The secondary P value threshold lowers the computational effort by allowing the algorithm to ignore SNPs with
large P values.
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Supplementary Table 3 and 3.2. In that section, we also report the loci we obtained after
pooling all the loci from across the seven GWAS and merging loci within 250kb of each other;
those loci are listed in Supplementary Table 7.
Conditional and joint multiple-SNP (COJO) analysis with GCTA
Because we consider approximately independent (pairwise r2 < 0.1) lead SNPs and loci (rather
than fully independent lead SNPs and loci), some of our lead SNPs could in principle be
secondary associations that are driven by their LD with extremely strong primary associations.
We thus performed conditional and joint multiple-SNP (COJO) analysis27 with GCTA. For
each of the seven GWAS, we restricted the analysis to the set of SNPs that (1) pass all GWAS
quality control filters, and (2) are located within the loci of the phenotype (which includes all
the lead SNPs). We analyzed the summary statistics using the stepwise model-selection
algorithm detailed in the original COJO publication27. The analysis requires two input
parameters: (1) the distance in kb at which perfect linkage equilibrium (r2 = 0) is assumed, and
(2) an r2 threshold that prevents the stepwise model selection from adding SNPs that are highly
correlated with a previously selected SNP. We used the default parameters, which assume
perfect linkage equilibrium for SNPs separated by 10 Mb and which do not add SNPs in strong
LD (r2 > 0.9) with an already selected SNP. The COJO analysis was performed with LD
estimated in our main reference panel (described in Supplementary Note section 2.4). We
report the results of the COJO analysis in Supplementary Note section 3.
As we discuss in Supplementary Note section 3.6, we also conducted a multiple regression
analysis with individual-level data from the UKB. In that analysis, for each phenotype (except
adventurousness, for which there is no UKB data), for each chromosome we regressed the
phenotype on all the phenotype’s lead SNPs located on the chromosome (and on control
variables). The results were consistent with those of the COJO conditional analysis.

Check for long-range LD regions, candidate inversions, and 1000 Genomes
structural variants
Check for long-range LD regions
We investigated if the lead SNPs were located in larger structural variation in the form of longrange LD regions, by using a set of long-range LD regions from Price et al.28. Price et al.
identified 24 long-range LD regions from 327 European-ancestry individuals, which replicated
in two independent samples comprising 1593 European-ancestry Americans and 3004 British
individuals. We lifted the genomic positions of the long-range LD regions to build 37
(GRCh37) with the UCSC genome-annotation lift-over tooll, and there were nine long-range
LD regions that could not be lifted due to non-overlapping genome sequences or ambiguous
mapping across the builds. Hence, the combined map contains 15 long-range LD regions that
have non-ambiguous genomic positions available in build 37. These range from ~2.5 to ~8 Mb
in genomic size.
We checked if each lead SNP from the GWAS was within a long-range LD region, or within
250 bp from the breakpoints of such a region. The results are reported in Supplementary Table
3 and Supplementary Table 6.

l

The lift-over tool is available here: https://genome.ucsc.edu/cgi-bin/hgLiftOver
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Check for candidate inversions
We also investigated if the lead SNPs were located in larger structural variation in the form of
candidate inversions, by using a list of genomic segments highly prone to inversion
polymorphisms from an unpublished resource by Gonzalez, J.R. & Esko, T., (2017,
unpublished). The genomic segments highly prone to inversion polymorphisms were identified
based on the knowledge that submicroscopic human inversions are typically flanked by highly
homologous flanking repeats29, which predisposes their occurrence by non-allelic homologous
recombination. Therefore, a set of segments was selected that may be prone to submicroscopic
inversions, consisting of all single copy segments in the Genome Reference Consortium’s
human reference sequence build 36 (GRCh36) between 0.1 and 8 Mb in length, and flanked by
segmental duplications with 90% identity (across the flanking duplications). In total, there were
173 segments that met these criteria and that were thus considered as genomic segments highly
prone to inversions. As detectable traces of inversions in SNPs depend on many factors—such
as being frequent, ancient and nonrecurring—we tested whether the segments showed inversion
patterns in any of two different SNP datasets. First, 69 (40%) of the segments overlapped with
the inversions that Caceres et al.30 obtained in the phased genotypes of CEU individuals from
the HapMap III project. Second, inversion-like haplotypes31 were inferred in a subsample of
882 Estonians for which gene expression data was available in peripheral blood. In this case 65
(38%) of the 173 segments were significantly associated with the expression of single copy
genes within the segment. In total 104 (60%) of the 173 segments showed an inversion signal,
indicating their predisposition for inversion occurrence.
We lifted the genomic positions of the genomic segments highly prone to inversion
polymorphisms to build 37 (GRCh37) with the UCSC genome-annotation lift-over toolm, and
there were 19 genomic segments that could not be lifted due to non-overlapping genome
sequences or ambiguous mapping across the builds. Hence, the combined map contains 154
segments prone to inversion polymorphisms (hereafter referred to as “the 154 candidate
inversions”), that have non-ambiguous genomic positions available in build 37. These range
from ~500 kb to ~8 Mb in genomic size.
We checked if each lead SNP from the GWAS was within such a candidate inversion, or within
250 bp from the breakpoints of such a candidate inversion. The results are reported in
Supplementary Table 3 and Supplementary Table 6.
Check for 1000 Genomes structural variants
Sudmant et al. (2015)32 called and classified a large number of structural variants (SVs) with
the final version of the 1000 Genomes Project phase 3 reference panel. They have released an
integrated map of 37,250 smaller structural variants, together with enhanced resolution of the
size and breakpoint compared to previous publications, and we hereafter refer to these as the
“1000G structural variants.” The structural variants range from 1 bp to ~445 kb in genomic
size. The smallest variants are generally insertions of 1 bp (~6,900 variants), and the larger
variants are generally deletions larger than 50 bp. The majority of these structural variants are
in LD with proximate SNPs, and we therefore checked if any of the lead SNPs from our main
GWAS, and SNPs in strong LD with those lead SNPs, were located within the start and end
positions of any of the 37,250 structural variants. We defined strong LD as an r2 greater than
0.8, which is the definition used by the 1000 Genomes Project Consortium32. The SNPs in LD
were extracted using PLINK10 and the main reference panel. We report the results in
Supplementary Table 3 and Supplementary Table 6.
m

The lift-over tool is available here: https://genome.ucsc.edu/cgi-bin/hgLiftOver
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Investigation of the novelty of our GWAS associations
To investigate the novelty of our GWAS associations, we performed lookups of our lead SNPs
(and the SNPs in LD with the lead SNPs, r2 > 0.1) in the NHGRI-EBI GWAS Catalog database
(revision 2017-08-15)33 of genome-wide significant associations from previous GWAS. We
also looked up our lead SNPs (and the SNPs in LD, r2 > 0.1) in some recent GWAS articles
that have not been catalogued in the NHGRI-EBI GWAS Catalog database. The NHGRI-EBI
GWAS Catalog is a resource that aims to catalogue all associations reported in published
GWAS.
For general risk tolerance, we performed a search with the term “risk” in the index of
phenotypes, and we did not find any previous studies on general risk tolerance in the Catalog.
We know of one previous study that identified one independent genome-wide significant
association with general risk tolerance, and of one concurrent study that identified a second
genome-wide significant association, both using the first UKB data release34,35; the authors of
ref.34 referred to the phenotype as “risk-taking propensity,” and the authors of ref.35 referred to
it as “risk-taking behavior.” The first genome-wide significant association is replicated in an
online publication published in advance36. We added the first of these two studies (i.e., Day et
al.34) to our investigation of the novelty of our general-risk-tolerance lead SNPs, and the second
we consider concurrent. We also note that, in Supplementary Note section 11.1, we report
the results of a literature search of association studies of risk tolerance; that literature search
identified no previously reported genome-wide significant associations.
The phenotypes drinks per week, ever smoker, and number of sexual partners (or related
phenotypes such as alcoholism and age at first sex), were available in the NHGRI-EBI GWAS
Catalog database (revision 2017-08-15). Since the GWAS Catalog is not always up-to-date, we
additionally performed a literature search for genome-wide significant findings that might not
yet have been included in the Catalog. We searched the Pubmed literature database on March
6 2017 and September 13 2017, for the term “genome-wide association study” together with
each of the terms “alcohol,” “sexual,” and “smoking” individually. We screened the abstracts
and compared the resulting articles with the article list of the GWAS catalog. In addition to
what was already reported in the GWAS Catalog (revision 2017-08-15), we found three
additional studies with genome-wide significant findings on alcohol consumption, two
additional studies on smoking, and no additional studies on sexual behaviors.
To our knowledge, this is the first GWAS of adventurousness, automobile speeding propensity,
and of the first PC of the four risky behaviors; unsurprisingly, we could not find previous
GWAS on any of these phenotypes in the NHGRI-EBI GWAS Catalog database (revision 201708-15).

GWAS catalog lookup
We investigated whether the lead SNPs from our discovery GWAS of general risk tolerance
and from our supplementary GWAS have previously been associated at genome-wide
significance with any phenotypes in the NHGRI-EBI GWAS Catalog database33 (revision
2017-08-15). We query the GWAS Catalog with our list of lead SNPs, and the SNPs in LD
with a lead SNP (r2 > 0.6).
Since the NGRI-EBI GWAS Catalog is not always up-to-date with results from the most recent
publications (especially in non-peer reviewed outlets such as BioRxiv), we also queried the
summary statistics of the most recently published GWAS on attention deficit hyperactivity
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disorder37, autism spectrum disorder38, and anorexia nervosan. We also queried the genomewide significant findings from the additional GWAS on alcohol intake and smoking, which we
found in addition to the GWAS Catalog, as detailed in the previous section. We queried the
additional GWAS on alcohol intake and smoking because they contained at least one genomewide significant result; because their results were publicly available; and because the metaanalysis that produced them did not include the UK Biobank (that comprise our discovery
sample together with 23andMe).
We perform these lookups because the existence of SNPs and genes associated with both one
of our studied phenotypes and another phenotype can point to a common genetic etiology.
However, it is important to note that two phenotypes that share a genetic locus do not
necessarily have to share the same causal variant at that locus due to the widespread LD that
characterizes the human genome. Moreover, even if two phenotypes do share a single causal
variant, they do not have to share general underlying genetic etiologies. For instance, recent
work39 has shown that two types of autoimmune diseases (rheumatoid arthritis and ulcerative
colitis/Crohn’s disease) that are known to share risk loci are not genetically correlated at a
genome-wide level. Here, the reason was the lack of an overall directional trend: some risk
alleles for one disease were also risk alleles for the other disease, but some alleles that were
protective for the one disease were risk alleles for the other. This resulted in a nearzero
correlation at the genomewide level. Thus, we emphasize that the current lookup does not
make it possible to determine etiological overlap, but only hints at overlapping loci, between
general risk tolerance or the supplementary GWAS phenotypes, and the phenotypes reported in
the GWAS Catalog.

Cross-lookup of GWAS results
We performed cross-lookups of the lead SNPs across our discovery GWAS of our primary and
supplementary phenotypes. Specifically, for each lead SNP in each of the GWAS, we checked
if the SNP is in LD (with an r2 greater than 0.1) with lead SNPs in the other GWAS. LD was
calculated using PLINK10 and the main reference panel. The results of the cross-lookups are
reported in Supplementary Table 3 and Supplementary Table 6. As we describe above, we
also investigated if there were any long-range LD regions or candidate inversions that contained
lead SNPs for multiple GWAS.

Gene annotation
We annotated the lead SNPs with gene information using the National Institute of Health (NIH)
National Center for Biotechnology Information (NCBI) gene ontology database (version 201605-25)o. As the general rule, a SNP was annotated to its most proximate gene. If a SNP was
located between two genes, then we compared the distance to the end coordinate of the gene
upstream with the distance to the start coordinate of the gene downstream to find the most
proximate gene. If a SNP was located within multiple overlapping genes, then the SNP was
annotated to the gene with the most proximate start coordinate. This means that all lead SNPs
were annotated to a single gene. The approach roughly partitions the SNPs throughout the
genome into separate genomic segments. The annotations are displayed in Supplementary
Table 3 and Supplementary Table 6, where we also indicate if a lead SNP is located within
n

The Psychiatric Genomics Consortium’s GWAS summary statistics for attention deficit hyperactivity disorder,
autism spectrum disorder, and anorexia nervosa (referred to as “ED,” i.e. eating disorder) are publicly available
and can be downloaded here: https://www.med.unc.edu/pgc/results-and-downloads.
o
The NCBI gene ontology database is available here:
ftp://ftp.ncbi.nlm.nih.gov/gene/DATA/GENE_INFO/Mammalia/.
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or outside the gene’s start and end coordinates. We also checked if there were genes to which
lead SNPs from multiple GWAS were annotated (the results are reported in Supplementary
Note section 3.2).

Methods to estimate genome-wide SNP heritability
Risk tolerance (both self-reported and experimentally elicited) has been found to be moderately
heritable in twin studies, with heritability estimates ranging from 20% to 60%40–42. In this
section, we employ three different methods to obtain estimates of the SNP heritability of our
primary and supplementary GWAS phenotypes. A phenotype’s SNP heritability is the fraction
of the phenotype’s variance that is accounted for by the additive genetic effects of a set of SNPs.
We used three methods, GCTA43, LD Score regression21, and Heritability Estimator from
Summary Statistics (HESS)44, to estimate the genome-wide SNP heritability K42 L. The GCTA
method estimates the heritability of a phenotype directly from the individuals’ genotypic data,
while the LD Score and HESS methods use GWAS summary statistics as inputs.
For comparability across phenotypes and methods, for the LD Score and HESS methods, we
used summary statistics from the UKB GWAS only for all phenotypes except adventurousness.
For the adventurousness phenotype, we only report estimates that were obtained using the LD
Score regression and HESS methods using the 23andMe summary statistics, because this
phenotype is not available in the UKB and we did not have access to the individual-level
genotypic data from the 23andMe cohort (and so could not obtain estimates with the GCTA
method).
We also computed HESS SNP heritability estimates using summary statistics from our seven
main GWAS (and not only from GWAS conducted in the UKB or in the 23andMe cohort).
The GCTA method
The GCTA method is based on restricted maximum-likelihood estimation and uses the genetic
relationship matrix (GRM) to estimate the SNP heritability. Under the assumptions discussed
in Yang et al. (2011)43, the method leads to unbiased estimates of the genome-wide SNP
heritability. However, it is computationally intensive, and it is thus necessary to limit the
number of SNPs and individuals included in the analysis in order to be computationally feasible.
Therefore, we restricted the GCTA analysis to a random subset of 30,000 individuals out of the
full sample from the discovery GWAS. We thereafter dropped one individual in each pair of
individuals with a cryptic relatedness exceeding 0.025, to obtain a set of unrelated individuals.
For comparability we used the same initial subset of 30,000 individuals for the GCTA
estimation for all phenotypes, though the sample size varies slightly across phenotypes because
of missing phenotypic observations. The final sample sizes for each phenotype are presented in
Supplementary Table 30. In total 646,855 directly genotyped SNPs with MAF > 0.01 were
included in the GCTA heritability estimation.
The LD Score regression method
Under the assumptions discussed in Bulik-Sullivan et al. (2015)21, a SNP’s GWAS $ 2 statistic
is linearly related to its LD score, defined as the sum of the squared correlation coefficients
between any single SNP and all the other SNPs. The slope of the LD Score regression (of the
SNPs GWAS $ 2 statistics on their LD scores and an intercept) can be rescaled to obtain an
estimate of the heritability explained by the SNPs included in the LD Score analysis by dividing
the slope by the sample size divided by the number of SNPs, i.e., by n/M. We used the
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“eur_w_ld_chr/” files of LD scores computed by Finucane et al.45 and made available on
https://github.com/bulik/ldsc/wiki/Genetic-Correlation, accessed on March 14, 2016. These LD
scores were computed with genotypes from the European-ancestry samples in the 1000
Genomes Project. Only HapMap3 SNPs with MAF > 0.01 were included in the LD Score
regression; for every phenotype, ~1.3 million SNPs were used for the LD Score heritability
estimation. Since Genomic Control (GC) will tend to bias the intercept of the LD Score
regression downward, we did not apply GC to the summary statistics prior to estimating the LD
Score regressions.
The HESS method
The HESS estimator can be described in brief as an analytical variance decomposition method
that, unlike the GCTA and LD Score regression methods, assumes that the SNP effect sizes are
fixed effects rather than random effects. The method assumes that the SNPs are randomly
distributed in the population and requires a pre-specified SNP covariance matrix as input. The
SNP covariance matrix can be estimated in the sample of interest if individual genotypic data
is available, or with an external reference panel such as the 1000 Genomes. As Shi et al.44 show
using simulations, heritability estimates from LD Score regression are sensitive to the true
proportion of causal SNPs, and the HESS estimator yields more accurate heritability estimates
than LD Score regression under a wider range of proportions of truly causal SNPs. We used the
reference panel distributed with the HESS software for the calculation of the covariance matrix.
That panel is the European subsample of the 1000 Genomes phase 3 version 5 reference panel,
restricted to common variants (MAF > 0.05), which is the same as the reference panel used for
the construction of the LD Scoresp. For every phenotype, a total of ~4.9 million SNPs were
used in the HESS heritability estimation. As with the LD Score regressions, we did not apply
GC prior to estimating heritability with HESS.

p

While the same reference panel was used for the construction of the LD scores, as indicated above HapMap3
SNPs with MAF > 0.01 were included in the LD score regression.
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Genetic variants associated with
subjective well-being, depressive
symptoms, and neuroticism identiﬁed
through genome-wide analysis

“We’re living in primate heaven. We’re warm, dry, we’re not hungry, we don’t
have ﬂeas and ticks and infections. So why are we so miserable?
Steven Pinker

When I believe, I am crazy. When I don’t believe, I suﬀer psychotic depression.
Philipp K. Dick

Based on Okbay et al. (2016). Nature Genetics.

Chapter 3

Abstract
We conducted genome-wide association studies of three phenotypes: subjective well-being (N
= 298,420), depressive symptoms (N = 161,460), and neuroticism (N = 170,910). We identified
three variants associated with subjective well-being, two with depressive symptoms, and eleven
with neuroticism, including two inversion polymorphisms. The two depressive symptoms loci
replicate in an independent depression sample. Joint analyses that exploit the high genetic
G  = . /) strengthen the overall credibility of the
correlations between the phenotypes (findings, and allow us to identify additional variants. Across our phenotypes, loci regulating
expression in central nervous system and adrenal/pancreas tissues are strongly enriched for
association.
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Introduction
Subjective well-being—as measured by survey questions on life satisfaction, positive affect, or
happiness—is a major topic of research within psychology, economics, and epidemiology.
Twin studies have found that subjective well-being is genetically correlated with depression
(characterized by negative affect, anxiety, low energy, bodily aches and pains, pessimism, and
other symptoms) and neuroticism (a personality trait characterized by easily experiencing
negative emotions such as anxiety and fear)1–3. Depression and neuroticism have received much
more attention than subjective well-being in genetic-association studies, but the discovery of
associated genetic variants with either of them has proven elusive4,5.
In this paper, we report a series of separate and joint analyses of subjective well-being,
depressive symptoms, and neuroticism. Our primary analysis is a genome-wide association
study (GWAS) of subjective well-being based on data from 59 cohorts (N = 298,420). This
GWAS identifies three loci associated with subjective well-being at genome-wide significance
(p < 510-8). We supplement this primary analysis with auxiliary GWAS meta-analyses of
depressive symptoms (N = 180,866) and neuroticism (N = 170,910), performed by combining
publicly available summary statistics from published studies with new genome-wide analyses
of additional data. In these auxiliary analyses we identify two loci associated with depressive
symptoms and eleven with neuroticism, including two inversion polymorphisms. In depression
data from an independent sample (N = 368,890), both depressive symptoms associations
replicate (p = 0.004 and p = 0.015).
In our two joint analyses, we exploit the high genetic correlation between subjective well-being,
depressive symptoms, and neuroticism (i) to evaluate the credibility of the 16 genome-wide
significant associations across the three phenotypes, and (ii) to identify novel associations
(beyond those identified by the GWAS). For (i), we investigate whether our three subjective
well-being-associated SNPs “quasi-replicate” by testing them for association with depressive
symptoms and neuroticism. We similarly examine the quasi-replication record of the depressive
symptoms and neuroticism loci by testing them for association with subjective well-being. We
find that the quasi-replication record closely matches what would be expected given our
statistical power if none of the genome-wide significant associations were chance findings.
These results strengthen the credibility of (most of) the original associations. For (ii), we use a
“proxy phenotype” approach6: we treat the set of loci associated with subjective well-being at
p < 10-4 as candidates, and we test them for association with depressive symptoms and
neuroticism. At the Bonferroni-adjusted 0.05 significance threshold, we identify two loci
associated with both depressive symptoms and neuroticism and another two associated with
neuroticism.
In designing our study, we faced a tradeoff between analyzing a smaller sample with a
homogeneous phenotype measure versus attaining a larger sample by jointly analyzing data
from multiple cohorts with heterogeneous measures. For example, in our analysis of subjective
well-being, we included measures of both life satisfaction and positive affect, even though these
constructs are conceptually distinct7. In Supplementary Note and Supplementary Figure 1,
we present a theoretical framework for evaluating the costs and benefits of pooling
heterogeneous measures. In our context, given the high genetic correlation across measures, the
framework predicts that pooling increases statistical power to detect variants. This prediction
is supported by our results.
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Results
GWAS of subjective well-being
Following a pre-specified analysis plan, we conducted a sample-size-weighted meta-analysis
(N = 298,420) of cohort-level GWAS summary statistics. The phenotype measure was life
satisfaction, positive affect, or (in some cohorts) a measure combining life satisfaction and
positive affect. We confirmed previous findings9 of high pairwise genetic correlation between
life satisfaction and positive affect using bivariate LD Score regression10 ("F = 0.981 (SE =
0.065); Supplementary Table 1). Details on the 59 participating cohorts, their phenotype
measures, genotyping, quality-control filters, and association models are provided in Online
Methods, Supplementary Note, and Supplementary Tables 2-6.
As expected under polygenicity11, we observe inflation of the median test statistic (GC = 1.206).
The estimated intercept from LD Score regression (1.012) suggests that nearly all of the
inflation is due to polygenic signal rather than bias. We also performed family-based analyses
that similarly suggest minimal confounding due to population stratification (Online Methods).
Using a clumping procedure (Supplementary Note), we identified three approximately
independent SNPs reaching genome-wide significance (“lead SNPs”). These three lead SNPs
are indicated in the Manhattan plot (Figure 3.1a) and listed in Table 3.1. The SNPs have
estimated effects in the range 0.015 to 0.018 standard deviations (SDs) per allele (each R2=
0.01%).
We also conducted separate meta-analyses of the components of our subjective well-being
measure, life satisfaction (N = 166,205) and positive affect (N = 180,281) (Online Methods).
Consistent with our theoretical conclusion that pooling heterogeneous measures increased
power in our context, the life satisfaction and positive affect analyses yielded fewer signals
across a range of p-value thresholds than our meta-analysis of subjective well-being
(Supplementary Table 7).
GWAS of depressive symptoms and neuroticism
We conducted auxiliary GWAS of depressive symptoms and neuroticism (see Online Methods,
Supplementary Note, and Supplementary Tables 8-12 for details on cohorts, phenotype
measures, genotyping, association models, and quality-control filters). For depressive
symptoms (N = 180,866), we meta-analyzed publicly available results from a study performed
by the Psychiatric Genomics Consortium (PGC)12 together with new results from analyses of
the initial release of the UK Biobank data (UKB)13 and the Resource for Genetic Epidemiology
Research on Aging (GERA) Cohort14. In UKB (N = 105,739), we constructed a continuous
phenotype measure by combining responses to two questions, which ask about the frequency
in the past two weeks with which the respondent experienced feelings of
unenthusiasm/disinterest and depression/hopelessness. The other cohorts had ascertained casecontrol data on major depressive disorder (GERA: Ncases = 7,231, Ncontrols = 49,316; PGC: Ncases
= 9,240, Ncontrols = 9,519).
For neuroticism (N = 170,910), we pooled summary statistics from a published study by the
Genetics of Personality Consortium (GPC)4 with results from a new analysis of UKB data. The
GPC (N = 63,661) harmonized different neuroticism batteries. In UKB (N = 107,245), our
measure was the respondent’s score on a 12-item version of the Eysenck Personality Inventory
Neuroticism scale15.
In both the depressive symptoms and neuroticism GWAS, the heterogeneous phenotypic
measures are highly genetically correlated (Supplementary Table 1). As in our subjective
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well-being analyses, there is substantial inflation of the median test statistics (GC = 1.168 for
depressive symptoms, GC = 1.317 for neuroticism), but the estimated LD Score intercepts
(1.008 and 0.998, respectively) suggest that bias accounts for little or none of the inflation.
For depressive symptoms, we identified two lead SNPs, indicated in the Manhattan plot (Figure
3.1b). For neuroticism, our meta-analysis yielded 16 loci that are independent according to our
locus definition (Figure 3.1c). However, 6 of these reside within a well-known inversion
polymorphism16 on chromosome 8. We established that all genome-wide significant signals in
the inversion region are attributable to the inversion, and we confirmed that the inversion is
associated with neuroticism in both of our neuroticism datasets, the GPC and the UKB (Online
Methods and Supplementary Note). In our list of lead SNPs (Table 3.1), we only retain the
most strongly associated SNP from these 6 loci to tag the chromosome 8 inversion.
Another lead SNP associated with neuroticism, rs193236081, is located within a well-known
inversion polymorphism on chromosome 17. We established that this association is attributable
to the inversion polymorphism (Online Methods and Supplementary Note). Because this
inversion yields only one significant locus and is genetically complex17, we hereafter simply
use its lead SNP as its proxy. Our neuroticism GWAS therefore identified 11 lead SNPs, two
of which tag inversion polymorphisms. A concurrent neuroticism GWAS using a subset of our
sample reports similar findings18.
As shown in Table 3.1, the estimated effects of all lead SNPs associated with depressive
symptoms and neuroticism are in the range 0.020 to 0.031 SDs per allele (R2 = 0.02% to
0.04%). In the UKB cohort we estimated the effect of an additional allele of the chromosome
8 inversion polymorphism itself on neuroticism to be 0.035 SDs (Supplementary Table 13).
The inversion explains 0.06% of the variance in neuroticism (roughly the same as the total
variance explained jointly by the 6 SNPs in the inversion region).
Genetic overlap across subjective well-being, depressive symptoms, and neuroticism
Figure 3.2a shows that the three pairwise genetic correlations between our phenotypes,
estimated using bivariate LD Score regression10, are substantial: -0.81 (SE = 0.046) between
subjective well-being and depressive symptoms, -0.75 (SE = 0.034) between subjective wellbeing and neuroticism, and 0.75 (SE = 0.027) between depressive symptoms and neuroticism.
Using height as a negative control, we also examined pairwise genetic correlations between
each of our phenotypes and height and, as expected, found all three to be modest, e.g., 0.07
with subjective well-being (Supplementary Table 1). The high genetic correlations between
subjective well-being, depressive symptoms, and neuroticism may suggest that the genetic
influences on these phenotypes are predominantly related to processes common across the
phenotypes, such as mood, rather than being phenotype-specific.
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Quasi-replication and Bayesian credibility analyses
We assessed the credibility of our findings using a standard Bayesian framework19,20 in which
a positive fraction of SNPs have null effects and a positive fraction have non-null effects
(Online Methods). For each phenotype, the non-null effect sizes are assumed to be drawn from
a normal distribution whose variance is estimated from the GWAS summary statistics. As a
first analysis, for each lead SNP’s association with its phenotype, we calculated the posterior
probability of null association after having observed the GWAS results. We found that, for any
assumption about the fraction of non-null SNPs in the range 1% to 99%, the probability of true
association always exceeds 95% for all 16 loci (and always exceeds 98% for 14 of them).
To further probe the credibility of the findings, we performed “quasi-replication” exercises
(Online Methods) in which we tested the subjective well-being lead-SNPs for association with
depressive symptoms and neuroticism. We similarly tested the depressive symptoms lead-SNPs
and the neuroticism lead-SNPs for association with subjective well-being. Below, we refer to
the phenotype for which the lead SNP was identified as the first-stage phenotype and the
phenotype used for the quasi-replication as the second-stage phenotype. To avoid sample
overlap, for each quasi-replication analysis we omitted any cohorts that contributed to the
GWAS of the first-stage phenotype.
Results of the quasi-replication of the three subjective well-being lead-SNPs are shown in
Figure 3.3a. For ease of interpretation, the reference allele for each association in the figure is
chosen such that the predicted sign of the second-stage estimate is positive. We find that two
out of the three subjective well-being lead-SNPs are significantly associated with depressive
symptoms (p = 0.004 and p = 0.001) in the predicted direction. For neuroticism, where the
second-stage sample size (N = 68,201) is about half as large, the subjective well-beingincreasing allele has the predicted sign for all three SNPs, but none reach significance.
Figures 3.3b and 3.3c show the results for the depressive symptoms and neuroticism leadSNPs, respectively. In each panel, the blue crosses depict results from the quasi-replications
where subjective well-being is the second-stage phenotype. We find that the two depressive
symptoms lead-SNPs have the predicted sign for subjective well-being, and one is nominally
significant (p = 0.04). Finally, of the eleven neuroticism lead-SNPs, nine have the predicted
sign for subjective well-being. Four of the eleven are nominally significantly associated with
subjective well-being, all with the predicted sign. One of the four is the SNP tagging the
inversion on chromosome 816. That SNP’s association with neuroticism (and likely with
subjective well-being) is driven by its correlation with the inversion (Supplementary Fig. 2).
To evaluate what these quasi-replication results imply about the credibility of the 16 GWAS
associations, we compared the observed quasi-replication record to the quasi-replication record
expected given our statistical power. We calculated statistical power using our Bayesian
framework, under the hypothesis that each lead SNP has a non-null effect on both the first- and
second-stage phenotypes. Our calculations take into account both the imperfect genetic
correlation between the first- and second-stage phenotypes and inflation of the first-stage
estimates due to the well-known problem of winner’s curse (Online Methods). Of the 19 quasireplication tests, our calculations imply that 16.7 would be expected to yield the anticipated
sign and 6.9 would be significant at the 5% level. The observed numbers are 16 and 7. Our
quasi-replication results are thus consistent with the hypothesis that none of the 16 genomewide significant associations are chance findings, and in fact strengthen the credibility of our
GWAS results (Supplementary Table 14).
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Lookup of depressive symptoms and neuroticism lead-SNPs
Investigators of an ongoing large-scale GWAS of major depressive disorder (N = 368,890) in
the 23andMe cohort shared association results for the loci identified in our depressive
symptoms and neuroticism analyses (Online Methods and Supplementary Table 15)21.
Because the depression sample overlaps with our subjective well-being sample, we did not
request a lookup of the subjective well-being-associated SNPs.
In Figures 3.3b and 3.3c, the results are depicted as green crosses. For interpretational ease,
we chose the reference allele so that positive coefficients imply that the estimated effect is in
the predicted direction. All 13 associations have the predicted sign. Of the 11 neuroticism
polymorphisms, four are significantly associated with depression at the 5% level. Both of the
depressive symptoms lead-SNPs replicate (p = 0.004 and p = 0.015), with effect sizes (0.007
and -0.007 SDs per allele), close to those predicted by our Bayesian framework (0.008 and 0.006) (Supplementary Table 14 and Supplementary Table 15).
Panel A of Table 3.1 summarizes the results for the 16 lead SNPs identified across our separate
GWA analyses of the three phenotypes. The right-most column summarizes the statistical
significance of the quasi-replication and depression lookup analyses of each SNP.
Proxy-phenotype analyses
To identify additional SNPs associated with depressive symptoms, we conducted a two-stage
“proxy phenotype” analysis (Online Methods). In the first stage, we ran a new GWAS of
subjective well-being to identify a set of candidate SNPs. Specifically, from each locus
exhibiting suggestive evidence of association (p < 10-4) with subjective well-being, we retained
the SNP with the lowest p-value as a candidate. In the second stage, we tested these candidates
for association with depressive symptoms at the 5% significance threshold, Bonferroni-adjusted
for the number of candidates. We used an analogous two-stage procedure to identify additional
SNPs associated with neuroticism. The first-stage subjective well-being sample differs across
the two proxy-phenotype analyses (and from the primary subjective well-being GWAS sample)
because we assigned cohorts across the first and second stages so as to maximize statistical
power for the overall procedure.
For depressive symptoms, there are 163 candidate SNPs. 115 of them (71%) have the predicted
direction of effect on depressive symptoms, 20 are significantly associated at the 5%
significance level (19 in the predicted direction), and two remain significant after Bonferroni
adjustment. For neuroticism, there are 170 candidate SNPs. 129 of them (76%) have the
predicted direction of effect, all 28 SNPs significant at the 5% level have the predicted sign,
and four of these remain significant after Bonferroni adjustment (Supplementary Fig. 3 and
Supplementary Tables 16 and 17). Two of the four are the SNPs identified in the proxyphenotype analysis for depressive symptoms.
Table 3.1 lists the four SNPs in total identified by the proxy-phenotype analyses.
Biological analyses
To shed some light on possible biological mechanisms underlying our findings, we conducted
several analyses.
We began by using bivariate LD Score regression10 to quantify the amount of genetic overlap
between each of our three phenotypes and ten neuropsychiatric and physical health phenotypes.
Figures 3.2b and c display the estimates for subjective well-being and the negative of the
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estimates for depressive symptoms and neuroticism (since subjective well-being is negatively
genetically correlated with depressive symptoms and neuroticism). Subjective well-being,
depressive symptoms, and neuroticism have strikingly similar patterns of pairwise genetic
correlation with the other phenotypes.
Figure 3.2b shows the results for the five neuropsychiatric phenotypes we examined:
Alzheimer’s disease, anxiety disorders, autism spectrum disorder, bipolar disorder, and
schizophrenia. For four of these phenotypes, genetic correlations with depression (but not
neuroticism or subjective well-being) were reported in Bulik-Sullivan et al.10. For
schizophrenia and bipolar disorder, our estimated correlations with depressive symptoms, 0.33
and 0.26, are substantially lower than Bulik-Sullivan et al.’s point estimates but contained
within their 95% confidence intervals. By far the largest genetic correlations we estimate are
with anxiety disorders: 0.73 with subjective well-being, 0.88 with depressive symptoms, and
0.86 with neuroticism. Genetic correlations estimated from GWAS data have not been
previously reported for anxiety disorders.
Figure 3.2c shows the results for five physical health phenotypes that are known or believed to
be risk factors for various adverse health outcomes: body mass index (BMI), ever-smoker
status, coronary artery disease, fasting glucose, and triglycerides. The estimated genetic
correlations are all small in magnitude, consistent with earlier work, although the greater
precision of our estimates allows us to reject null effects in most cases. The signs are generally
consistent with those of the phenotypic correlations reported in earlier work between our
phenotypes and outcomes such as obesity22, smoking23,24, and cardiovascular health25.
Next, to investigate whether our GWAS results are enriched in particular functional categories,
we applied stratified LD Score regression26 to our meta-analysis results. In our first analysis,
we report estimates for all 53 functional categories included in the “baseline model”; the results
for subjective well-being, depressive symptoms, and neuroticism are broadly similar
(Supplementary Tables 18-20) and are in line with what has been found for other
phenotypes26. In our second analysis, the categories are groupings of SNPs likely to regulate
gene expression in cells of a specific tissue. The estimates for subjective well-being, depressive
symptoms, and neuroticism are shown in Figure 3.4a, alongside height, which is again included
as a benchmark27 (see also Supplementary Table 21).
We found significant enrichment of CENTRAL NERVOUS SYSTEM for all three phenotypes and,
perhaps more surprisingly, enrichment of ADRENAL/PANCREAS for subjective well-being and
depressive symptoms. The cause of the ADRENAL/PANCREAS enrichment is unclear, but we note
that the adrenal glands produce several hormones, including cortisol, epinephrine, and
norepinephrine, known to play important roles in the bodily regulation of mood and stress. It
has been robustly found that blood serum levels of cortisol in patients afflicted by depression
are elevated relative to controls28.
While the above analyses utilize the genome-wide data, we also conducted three analyses
(Online Methods) restricted to the 16 GWAS and four proxy-phenotype SNPs in Table 3.1. In
brief, we ascertained whether each SNP (or a variant in strong linkage disequilibrium (LD) with
it) falls into any of the following three classes: (i) resides in a locus for which genome-wide
significant associations with other phenotypes have been reported (Supplementary Table 22),
(ii) is nonsynonymous (Supplementary Table 23), and (iii) is an eQTL in blood or in one of
14 other tissues (although the non-blood analyses are based on smaller samples)
(Supplementary Table 24). Here we highlight a few particularly interesting results.
We found that five of the 20 SNPs are in loci in which genome-wide significant associations
have previously been reported. Two of these five are schizophrenia loci. Interestingly, one of
them harbors the gene DRD2, which encodes the D2 subtype of the dopamine receptor, a target
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for antipsychotic drugs29 that is also known to play a key role in neural reward pathways30.
Motivated by these findings, as well as by the modest genetic correlations with schizophrenia
reported in Figure 3.2b, we examined whether the SNPs identified in a recent study of
schizophrenia31 are enriched for association with neuroticism in our non-overlapping UKB
sample (N = 107,245). We conducted several tests and found strong evidence of such
enrichment (Supplementary Note). For example, we found that the p-values of the
schizophrenia SNPs tend to be much lower than the p-values of a randomly selected set of SNPs
matched on allele frequency (p = 6.5010-71).
Perhaps the most notable pattern that emerges from our biological analyses is that the inversions
on chromosomes 8 and 17 are implicated consistently across all analyses. The inversion-tagging
SNP on chromosome 8 is in LD with SNPs that have previously been found to be associated
with BMI32 and triglycerides33 (Supplementary Table 22). We also conducted eQTL analyses
in blood for the inversion itself and found that it is a significant cis-eQTL for 7 genes
(Supplementary Table 24). As shown in Figure 3.4b, all 7 genes are positioned in close
proximity to the inversion breakpoints, suggesting that the molecular mechanism underlying
the inversion’s effect on neuroticism could involve the relocation of regulatory sequences. Two
of the genes (MSRA, MTMR9) are known to be highly expressed in tissues and cell types that
belong to the nervous system, and two (BLK, MFHAS1) in the immune system. In the tissuespecific analyses, we found that the SNP tagging the inversion is a significant eQTL for two
genes, AF131215.9 (in tibial nerve and thyroid tissue analyses) and NEIL2 (tibial nerve tissue),
both of which are also located near the inversion breakpoint.
The SNP tagging the chromosome 17 inversion is a significant cis-eQTL for five genes in blood
and is an eQTL in all 14 other tissues (Supplementary Table 24). It alone accounts for 151
out of the 169 significant associations identified in the 14 tissue-specific analyses. Additionally,
the SNP is in near-perfect LD (R2 > 0.97) with 11 missense variants (Supplementary Table
23) in three different genes, one of which is MAPT. MAPT, which is also implicated in both the
blood and the other tissue-specific analyses, encodes a protein important in the stabilization of
microtubules in neurons. Associations have been previously reported between SNPs in MAPT
(all of which are in strong LD with our inversion-tagging SNP) and neurodegenerative
disorders, including Parkinson’s disease34 and progressive supranuclear palsy35, a rare disease
whose symptoms include depression and apathy.

Discussion
The discovery of genetic loci associated with subjective well-being, depression, and
neuroticism has proven elusive. Our study identified several credible associations for two main
reasons. First, our analyses had greater statistical power than prior studies because ours were
conducted in larger samples. Our GWAS findings—three loci associated with subjective wellbeing, two with depressive symptoms, and eleven with neuroticism—support the view that
GWAS can successfully identify genetic associations with highly polygenic phenotypes in
sufficiently large samples5,36. A striking finding is that two of our identified associations are
with inversion polymorphisms.
Second, our proxy-phenotype analyses further boosted power by exploiting the strong genetic
overlap between our three phenotypes. These analyses identified two additional loci associated
with neuroticism and two with both depressive symptoms and neuroticism. Through our quasireplication tests, we also demonstrated how studying genetically overlapping phenotypes in
concert can provide evidence on the credibility of GWAS findings. Our direct replication of the
two genome-wide significant associations with depressive symptoms in an independent
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depression sample provides further confirmation of those findings (Fig. 3.2b and
Supplementary Table 15).
We were able to assemble much larger samples than prior work in part because we combined
data across heterogeneous phenotype measures. Our results reinforce the conclusions from our
theoretical analysis that doing so increased our statistical power, but our strategy also has
drawbacks. One is that mixing different measures may make any discovered associations more
difficult to interpret. Research studying higher quality measures of the various facets of
subjective well-being, depressive symptoms, and neuroticism is a critical next step. Our results
can help facilitate such work because if the variants we identify are used as candidates, studies
conducted in the smaller samples in which more fine-grained phenotype measures are available
can be well powered.
Another limitation of mixing different measures is that doing so may reduce the heritability of
the resulting phenotype, if the measures are influenced by different genetic factors. Indeed, our
estimates of SNP-based heritability10 for our three phenotypes are quite low: 0.040 (SE = 0.002)
for subjective well-being, 0.047 (SE = 0.004) for depressive symptoms, and 0.091 (SE = 0.007)
for neuroticism. We correspondingly find that polygenic scores constructed from all measured
SNPs explain a low fraction of variance in independent samples: ~0.9% for subjective wellbeing, ~0.5% for depressive symptoms, and ~0.7% for neuroticism (Online Methods). The low
heritabilities imply that even when polygenic scores can be estimated using much larger
samples than ours, they are unlikely to attain enough predictive power to be clinically useful.
According to our Bayesian calculations, the true explanatory power (corrected for winner’s
curse) of the SNP with the largest posterior R2 is 0.003% for subjective well-being, 0.002% for
depressive symptoms, and 0.011% for neuroticism (Supplementary Table 14). These effect
sizes imply that in order to account for even a moderate share of the heritability, hundreds or
(more likely) thousands of variants will be required. They also imply that our study’s power to
detect variants of these effect sizes was not high—for example, our statistical power to detect
the lead SNP with largest posterior R2 was only ~13%—which in turn means it is likely that
there exist many variants with effect sizes comparable to our identified SNPs that evaded
detection. These estimates suggest that many more loci will be found in studies with sample
sizes realistically attainable in the near future. Consistent with this projection, when we metaanalyze the 54 SNPs reaching p < 10-5 in our analyses of depressive symptoms together with
the 23andMe replication sample for depression, the number of genome-wide significant
associations rises from 2 to 5 (Supplementary Table 15).
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Figure 3.1. Manhattan plots of GWAS results. (a) Subjective well-being (N = 298,420), (b) Depressive symptoms (N = 180,866), (c) Neuroticism
(N = 170,911). The x-axis is chromosomal position, and the y-axis is the significance on a  scale. The upper dashed line marks the threshold
for genome-wide significance (p = 5108); the lower line marks the threshold for nominal significance (p = 105). Each approximately independent
genome-wide significant association (“lead SNP”) is marked by . Each lead SNP is the lowest p-value SNP within the locus, as defined by our
clumping algorithm (Supplementary Note).
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Figure. 3.2. Genetic correlations with bars representing 95% confidence intervals. The
correlations are estimated using bivariate LD Score (LDSC) regression. (a) Genetic correlations
between subjective well-being, depressive symptoms, and neuroticism (“our three
phenotypes”), as well as between our three phenotypes and height. (b) Genetic correlations
between our three phenotypes and selected neuropsychiatric phenotypes. (c) Genetic
correlations between our three phenotypes and selected physical health phenotypes. In (b) and
(c), we report the negative of the estimated correlation with depressive symptoms and
neuroticism (but not subjective well-being).
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Figure 3.3. Quasi-replication and lookup of lead SNPs. In quasi-replication analyses, we examined whether (a) lead SNPs identified in the
subjective well-being meta-analyses are associated with depressive symptoms or neuroticism, (b) lead SNPs identified in the analyses of depressive
symptoms are associated with subjective well-being, and (c) lead SNPs identified in the analyses of neuroticism are associated with subjective
well-being. The quasi-replication sample is always restricted to non-overlapping cohorts. In a separate lookup exercise, we examined whether lead
SNPs for depressive symptoms and neuroticism are associated with depression in an independent sample of 23andMe customers (N = 368,890).
The results from this lookup are depicted as green crosses in (b) and (c). Bars represent 95% CIs (not adjusted for multiple testing). For
interpretational ease, we choose the reference allele so that positive coefficients imply that the estimated effect is in the predicted direction. Listed
below each lead SNP is the nearest gene.
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Figure 3.4. Results from selected biological analyses. (a) Estimates of the expected increase
in the phenotypic variance accounted for by a SNP due to the SNP’s being in a given category
( ), divided by the LD Score heritability of the phenotype ( ). Each estimate of  comes
from a separate stratified LD Score regression, controlling for the 52 functional annotation
categories in the “baseline model.” The bars represent 95% CIs (not adjusted for multiple
testing). To benchmark the estimates, we compare them to those obtained from a recent study
of height27. (b) Inversion polymorphism on chromosome 8 and the 7 genes for which the
inversion is a significant cis-eQTL at FDR < 0.05. The upper half of the figure shows the
Manhattan plot for neuroticism for the inversion and surrounding regions. The bottom half
shows the squared correlation between the SNPs and the principal component that captures the
inversion. The inlay plots the relationship, for each SNP in the inversion region, between the
SNP’s significance and its squared correlation with the principal component that captures the
inversion.
a

b
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Table 3.1 | Summary of polymorphisms identified across analyses. EA: effect allele. EAF: effect allele
frequency. All effect sizes are reported in units of SDs per allele. “Quasi-Repl.”: phenotypes for which
SNP was found to be nominally associated in quasi-replication analyses conducted in independent
samples. *significant at the 5%-level, **significant at the 1%-level, ***significant at the 0.1%-level.
#inversion-tagging polymorphism on chromosome 8. ##inversion-tagging polymorphism on chromosome
17. †proxy for rs6904596 (R2 = 0.98).
Panel A. Genome-Wide Significant Associations
Subjective Well-Being (SWB, N = 298,420)
SNPID
CHR BP
EA

EAF

Beta

SE

R2

p-value

N

rs3756290
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An epigenome-wide association study
meta-analysis of educational attainment

“Keeping an open mind is a virtue—but, as the space engineer James Oberg
once said, not so open that your brains fall out.”
Carl Sagan

“Study hard what interests you the most in the most undisciplined, irreverent
and original manner possible.”
Richard Feynman

Based on Karlsson Linnér et al. (2017). Molecular Psychiatry.

Chapter 4

Abstract
The epigenome is associated with biological factors, such as disease status, and environmental
factors, such as smoking, alcohol consumption, and body mass index. Although there is a
widespread perception that environmental influences on the epigenome are pervasive and
profound, there has been little evidence to date in humans with respect to environmental factors
that are biologically distal. Here, we provide evidence on the associations between epigenetic
modifications—in our case, CpG methylation—and educational attainment (EA), a biologically
distal environmental factor that is arguably among the most important life-shaping experiences
for individuals. Specifically, we report the results of an epigenome-wide association study
meta-analysis of EA based on data from 27 cohort studies with a total of 10,767 individuals.
We find nine CpG probes significantly associated with EA. However, robustness analyses show
that all nine probes have previously been found to be associated with smoking. Only two
associations remain when we perform a sensitivity analysis in the subset of never-smokers, and
these two probes are known to be strongly associated with maternal smoking during pregnancy,
and thus their association with EA could be due to correlation between EA and maternal
smoking. Moreover, the effect sizes of the associations with EA are far smaller than the known
associations with the biologically proximal environmental factors alcohol consumption, BMI,
smoking and maternal smoking during pregnancy. Follow-up analyses that combine the effects
of many probes also point to small methylation associations with EA that are highly correlated
with the combined effects of smoking. If our findings regarding EA can be generalized to other
biologically distal environmental factors, then they cast doubt on the hypothesis that such
factors have large effects on the epigenome.
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Introduction
The epigenome has been shown to be associated with biological factors such as disease status1,2.
While there is a widespread perception in the social sciences that a variety of social
environmental factors have an effect on the epigenome3–10, virtually all of the replicated
evidence to date in humans relates to environmental factors that have a fairly direct biological
impact, such as smoking11–13, alcohol consumption14,15, and excess energy intake resulting in
increased body mass index (BMI)16,17. Here, we study the associations between epigenetic
modifications—specifically, the methylation of cytosine-guanine pairs connected by a
phosphate link (CpG methylation)—and educational attainment (EA). EA is biologically distal,
and yet it is arguably among the most important life-shaping experiences for individuals in
modern societies. EA therefore provides a useful test case for whether and to what extent
biologically distal environmental factors may affect the epigenome.
In this paper, we report the results of a large-scale epigenome-wide association study (EWAS)
meta-analysis of EA. By meta-analyzing harmonized EWAS results across 27 cohort studies,
we were able to attain an overall sample size of 10,767 individuals of recent European ancestry,
making this study one of the largest EWAS to date13,15,18. A large sample size is important
because little is known about plausible EWAS effect sizes for complex phenotypes such as EA,
and an underpowered analysis would run a high risk of both false negatives and false
positives19,20.
As is standard in EWAS, we used data on CpG DNA methylation. This is the most widely
studied epigenetic mark in large cohort studies1. Methylation level was measured by the beta
value, which is the proportion of methylated molecules at each CpG locus, a continuous
variable ranging between 0 and 121. The Illumina 450k Bead Chip measures methylation levels
at over 480,000 loci in human DNA and has been used in many cohort studies1.
We report results from two common methods for the analysis of such methylation datasets. The
first main analysis is an EWAS, which considers regression models for each CpG loci with EA.
Using the EWAS results we then performed a series of follow-up analyses: enrichment
analyses, prediction analyses, correlation with tissue-specific methylation, and gene-expression
analysis (Supplementary Note). The second main analysis uses the ‘epigenetic clock’22,23
method, which employs a weighted linear combination of a subset of probes (i.e., measured
CpG methylation loci) to predict an individual's so-called ‘biological age.’ The resulting
variable can then be linked to phenotypes and health outcomes.
EWAS studies to date have found associations between DNA methylation and, for example,
smoking11,12, body mass index (BMI)16,24, traumatic stress25, alcohol consumption14,26, and
cancer2,27. In prior work, an age-accelerated epigenetic clock (i.e. an older biological than
chronological age) has been linked to increased mortality risk28, poorer cognitive and physical
health29, greater Alzheimer’s disease pathology30, Down’s syndrome31, high lifetime stress32,
and lower income33.

Methods
Participating cohorts
We obtained summary-level association statistics from 27 independent cohort studies across 15
cohorts located in Europe, the US, and Australia (Supplementary Table S1.1). The total
sample size comprised 10,767 individuals of recent European ancestry. All participants
provided written informed consent, and all contributing cohorts confirmed compliance with
their Local Research Ethics Committees or Institutional Review Boards.
83

4

Chapter 4

Educational attainment measures
Following earlier work of the Social Science Genetic Association Consortium (SSGAC)34,35,
EA was harmonized across cohorts. The EA variable is defined in accordance with the ISCED
1997 classification (UNESCO), leading to seven categories of EA that are internationally
comparable. The categories are translated into US years-of-schooling equivalents, which have
a quantitative interpretation (Supplementary Table S1.2–3).
Participant inclusion criteria
To be included in the current analysis, participants had to satisfy six criteria: 1) participants
were assessed for educational attainment at or after 25 years of age; 2) participants were of
European ancestry; 3) all relevant covariate data were available for each participant; 4)
participants passed the cohort-level methylation quality control; 5) participants passed cohortspecific standard quality controls (for example, genetic outliers were excluded); and 6)
participants were not disease cases from a case/control study.
DNA methylation measurement and cohort-level quality control
Whole-blood DNA CpG methylation was measured genome-wide in all cohorts using the
Illumina 450k Human Methylation chip. We standardized the cohort-level quality control and
pre-processing of the methylation data as much as possible, while ensuring some degree of
flexibility to keep the implementation feasible for all cohorts (leading to slight variation in
preprocessing across cohorts, as is common13,15,17). Cohort-specific information regarding
technical treatment of the data, such as background-correction36, normalisation37, and quality
control, is reported in Supplementary Table S1.4.
Epigenome-wide association study (EWAS)
Our analyses were performed in accordance with a pre-registered analysis plan archived at
Open Science Framework (OSF) in September 2015 (available at: https://osf.io/9v3nk/). We
first performed a meta-analysis of the EWAS of EA to investigate associations with individual
methylation markers (Supplementary Note 2). As is standard, the EWAS was performed as a
set of linear regressions in each cohort, one methylation marker at a time, with the methylation
beta value (0–1) as the dependent variable. The key independent variable was EA. We estimated
two regression models that differ in the set of covariates included. In the basic model, the
covariates were age, sex, imputed or measured white blood-cell counts, technical covariates
from the methylation array, and four genetic principal components to account for population
stratification. In the adjusted model, we additionally controlled for body mass index (BMI,
kg/m2), smoker status (three categories: current, previous, or never smoker), an interaction term
between age and sex, and a quadratic term for age. Since BMI and smoking are correlated with
EA38,39 and known to be associated with methylation13,17, the basic model may identify
associations with EA that are actually due to BMI or smoking. While the adjusted model
reduces that risk, it may also reduce power to identify true associations with EA (by controlling
for factors that are correlated with EA). While we present the results for both models, we focus
on the adjusted model because it is more conservative. Details of cohort-specific covariates are
presented in Supplementary Table S1.4.
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EWAS quality control and meta-analysis
Each participating cohort uploaded EWAS summary statistics to a central secure server for
quality control (QC) and meta-analysis. The number of CpG probes filtered at each step of the
QC is presented in Supplementary Table S1.5. We removed: (a) probes with missing P value,
standard error, or coefficient estimate; (b) probes with a call rate less than 95%; (c) probes with
a combined sample size less than 1,000; (d) probes not available in the probe-annotation
reference by Price et al. (2013)40; (e) CpH probes (H = A/C/T); (f) probes on the sex
chromosomes; and (g) cross-reactive probes highlighted in a recent paper by Chen et al.41. We
performed a sample-size-weighted meta-analysis of the cleaned results using METAL42. We
used single genomic control, as is common in genome-wide association studies (GWAS)43, to
stringently correct the meta-analysis P values for possible unaccounted-for population
stratification44. Probes with a P value less than 110–7, a commonly-used threshold in EWAS1
that we pre-specified in the analysis plan, were considered epigenome-wide significant
associations.
Epigenetic clock analyses
To construct our epigenetic clock variables (Supplementary Note 3), the cohort-level raw betavalue data was entered into the online Horvath calculator23, as per our pre-registered analysis
plan. The “normalize data” and “advanced analysis for Blood Data” options were selected. The
following variables were selected from the calculator’s output for subsequent analysis:
• Clock 1. Horvath age acceleration residuals, which are the residuals from the regression
of chronological age on Horvath age.
• Clock 2. White blood cell count adjusted Horvath age acceleration, which is the residual
from Clock 1 after additional covariate adjustment for imputed white blood cell counts.
• Clock 3. White blood cell count adjusted Hannum age acceleration, which is the same
as Clock 2 but with the Hannum age prediction in place of the Horvath prediction.
• Clock 4. Cell-count enriched Hannum age acceleration, which is the basic Hannum
predictor plus a weighted average of aging-associated cell counts. This index has been
found to have the strongest association with mortality45.
These Clock measures are annotated in the Horvath software as follows:
‘AgeAccelerationResidual’,
‘AAHOAdjCellCounts’,
‘AAHAAdjCellCounts’,
and
‘BioAge4HAAdjAge’. We analyzed two regression models for each clock variable, both with
EA as an independent variable and a clock variable as the dependent variable. In the basic age
acceleration model, we control for chronological age, and in the adjusted age acceleration
model, we additionally control for BMI and smoker status (current, previous, or never smoker).
In total, in each adult cohort, we estimated eight regressions: each of the two models with each
of the four clock variables as a dependent variable. For each of the eight regressions, we
performed a sample-size-weighted meta-analysis of the cohort-level results.
Polygenic predictions with polygenic methylation score
We performed a prediction analysis with polygenic methylation scores (PGMS), analogous to
polygenic-score prediction in the GWAS literature (Supplementary Note 6). We tested the
predictive power in three independent adult cohort studies: Lothian Birth Cohort 1936
(LBC1936, n = 918), RS-BIOS (Rotterdam Study – BIOS, n = 671), and RS3 (Rotterdam Study
3, n = 728). We re-ran the EWAS meta-analysis for each prediction cohort to obtain the weights

85

4

Chapter 4

for the PGMS, while holding out the prediction cohort to avoid overfitting. We constructed the
PGMS for each individual as a weighed sum of the individual’s methylation markers’ beta
values and the EWAS effect-sizes, using the Z statistics from the EWAS as weights. (The Z
statistics were used instead of the EWAS coefficients because CpG methylation is the
dependent variable in the EWAS regression.) We constructed PGMS using two different
thresholds for probe inclusion, P < 110–5 and P < 110–7, with weights from the basic and
adjusted EWAS models, for a total of four PGMS in each prediction cohort.
To shed light on the direction of causation of epigenetic associations, we used a fourth
prediction cohort study, a sample of children in the ALSPAC ARIES cohort46. We constructed
the PGMS using the same approach as described above, in this case using data from cord-bloodbased DNA methylation at birth. The outcome variables in this cohort were average educational
achievement test scores (Key Stages 1–447) from age 7 up to age 16 years.
To examine the relationship between epigenetic and genetic associations, we also constructed
a single-nucleotide polymorphism polygenic score (SNP PGS) for EA. We used SNP genotype
data available in the three adult prediction cohort studies (LBC1936, RS-BIOS, and RS3). We
constructed the SNP PGS in each cohort as a weighted sum of the individual genotypes from
all available genotyped SNPs, with GWAS meta-analysis coefficients as weights. We obtained
the coefficients by re-running the largest GWAS meta-analysis to date of EA34 after excluding
our prediction cohorts (LBC1936, RS-BIOS, and RS3).
We evaluated the predictive power of the PGMS by examining the incremental coefficient of
determination (incremental R2) for predicting EA (or test scores in ALSPAC ARIES). The
incremental R2 is the difference in R2 between the regression model with only covariates, and
the same regression model that additionally includes the PGMS as a predictor. The covariateonly models in the LBC1936, RS-BIOS, and RS3 cohorts controlled for age, sex, and the SNP
PGS. In the ALSPAC ARIES cohort we controlled for age at assessment and sex. In the
ALSPAC ARIES cohort, when we investigate maternal smoking as a potential confound for
our EA associations, we add maternal smoking to the set of covariates. We finally restricted the
ALSPAC ARIES cohort to children with non-smoking mothers. To investigate a possible
interaction effect between the PGMS and SNP PGS, we re-estimated the regression model after
adding an interaction term between the PGMS and the SNP PGS, and the incremental R2 was
calculated as the difference in R2 relative to the model that included the PGMS and the SNP
PGS as additive main effects.

Results
Descriptive statistics
Summary statistics from the 27 independent cohort studies from the 15 contributing cohorts are
shown in Supplementary Table S1.1. The mean age at reporting ranges from 26.6 to 79.1
years, and the sample size ranges from 48 to 1,658, with a mean of 399 individuals per cohort.
The mean cohort EA ranges from 8.6 to 18.3 years of education, and the sample-size-weighted
mean is 13.6 (SD = 3.62). The meta-analysis sample is 54.1% female.
EWAS
The QC filtering is reported in Supplementary Table S1.5. We inspected the quantile-quantile
(QQ) plot of the filtered EWAS results from each contributing cohort as part of the QC
procedure before meta-analysis. The genomic inflation factor (  ), defined as the ratio of the
median of the empirically observed chi-square test statistics to the expected median under the
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null, had a mean across the cohorts of 1.02 for the adjusted model (SD = 0.18). We report the
cohort-level genomic inflation factor after probe filtering in Supplementary Table S1.5. The
variation in   across cohorts was comparable to that from EWAS performed in cohorts of
similar sample size12. We applied genomic control at the cohort level, which is a conservative
method of controlling for residual population stratification that may remain even despite the
regression controls for principal components44. The meta-analysis   was 1.19 for the basic
model and 1.06 for the adjusted model.
Figure 4.1 shows the Manhattan plot for the meta-analysis results of the adjusted model. The
Manhattan plot for the basic model is reported in the Supplementary Note, together with the
QQ plots for the basic and adjusted model. In the basic model there were 37 CpG probes
associated with EA at our preregistered epigenome-wide P value threshold (P < 10–7); these
results are reported in Supplementary Table S1.6a. In the adjusted model there were 9
associated probes, listed in Table 4.1 (with additional details in Supplementary Table S1.7a),
all of which were also associated in the basic model. We hereafter refer to the adjusted model’s
9 associated probes as the “lead probes.” In Supplementary Note 2.4.1 we present the
association results with false discovery rate (FDR) less than 0.05, but since this threshold was
not pre-specified in the analysis plan we do not present these results as main findings.
To investigate how the EWAS results look at a regional level, we analyzed the distribution of
the EWAS associations across the genome by performing enrichment tests for methylation
density regions40 (the so-called “HIL” categories; Supplementary Note 5.2). We found that
the number of probes with P < 10–7 is more or less proportional to the total number of probes
in every region and that there is enrichment for association in all four methylation density
categories: high-density CpG islands (HC), intermediate-density CpG islands (IC),
intermediate-density CpG islands bordering HCs (ICshore), and non-islands (LC).
The effect sizes of the associations for the nine lead probes are shown in Table 4.1. The
coefficients of determination (R2’s) range from 0.3% to 0.7%. To put these effect sizes in
perspective, Figure 4.2 and Supplementary Table S1.8 compare the R2’s for the top 50 probes
in our adjusted model with the top 50 probes from recent large-scale EWAS of smoking13,
maternal smoking12, alcohol consumption15, and BMI17, as well as the top 50 GWAS SNP
associations with EA34. The EA EWAS associations of our study are an order of magnitude
larger than the largest EA SNP effect sizes. However, our EWAS associations are small in
magnitude relative to the EWAS associations reported for more biologically proximal
environmental factors. BMI is the most similar to EA, with R2’s of associated probes
approximately 20–50% larger than those for EA. Relative to the largest R2 for an EA-associated
probe, the largest effect for probes associated with smoking and maternal smoking are greater
by factors of roughly three and 17, respectively.
Lookup of lead probes in published EWAS of smoking
Since our smoker-status control variable is coarse and discrete (current, former, or never
smoker), we were concerned that the adjusted EWAS model might not have adequately
controlled for exposure to smoking (i.e., amount and duration of smoking and exposure to
second-hand smoke). Therefore, we performed a lookup of our lead probes in the published
EWAS on smoking (Supplementary Note 4 and Supplementary Table S1.10). We found that
all nine lead probes have previously been associated with smoking. The results of this lookup
motivated our analysis of the never-smoker subsample, discussed next.
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Robustness of EWAS results in the never-smoker subsample
To minimize the possible confounding effect of smoking on the association between EA and
CpG methylation, we conducted a set of analyzes that we did not anticipate when we
preregistered our analysis plan. Specifically, we went back to the cohorts and asked them to reconduct their EWAS, this time restricting the analysis to individuals that self-reported as never
smokers. After following the same QC steps as above, we performed a new meta-analysis of
these results (n = 5,175).
In this subsample, the effect-size estimates were smaller by at least 60% for seven of the nine
lead probes (see Table 4.1 and panel A in Figure 4.3), whereas two probes (cg12803068 and
cg22132788) had similar effect-size estimates as in the full sample (statistically distinguishable
from zero with P = 1.4810–4 and P = 4.3510–4, respectively). These two probes, however—
both in proximity to the gene MYO1G—have been found to be associated with maternal
smoking during pregnancy, and the effects on the methylation of this gene are persistent when
measured at age 17 in the offspring12,48. This influence has been shown to continue through to
middle age49. We cannot distinguish between the hypothesis that these probes have some true
association with EA and the hypothesis that their apparent association with EA is entirely driven
by more maternal smoking during pregnancy among lower-EA individuals. We also cannot rule
out that the probes’ association with EA is driven by second-hand smoke exposure, which could
also be correlated with EA.
To assess the how widely such confounding may affect the EA results, in Panel B of Figure
4.3 we compare the effect sizes of all the probes associated with EA at P < 10–5 in the adjusted
EWAS model to the effect sizes found for the same probes in EWAS meta-analyses of
smoking13 and maternal smoking12 (see also Supplementary Table S.1.11). Many of the EAassociated probes are also associated with smoking or maternal smoking, strongly suggesting
that residual smoking exposure (i.e., the misclassification of amount and duration of smoking,
and second-hand smoke that is not captured by the smoking covariate) and maternal smoking
remain potential confounding factors for the probe associations with EA, even in the subsample
of individuals who are self-reported never-smokers.
Epigenetic clock associations with EA
Two cohorts, FINRISK and MCCS, did not contribute to the epigenetic clock analyses.
Therefore, the sample sizes for these analyses were smaller than for the EWAS meta-analysis:
8,173 for the basic age acceleration model and 7,691 for the adjusted age acceleration model
(the difference being due to the lack of covariates for some individuals). The effect-size
estimates are presented in Figure 4.4 and Supplementary Table S1.9. There was no evidence
for an association between EA and Clocks 1, 2, or 3, but the association between EA and Clock
4 was strong (P = 3.5110–6 and P = 4.5110–4 in the basic and adjusted age acceleration model,
respectively). The point estimates were small, however: using Clock 4, each year of EA was
associated with a 0.071-year (i.e., 26-day) reduction in age acceleration in the basic model and
a 0.055-year (i.e., 20-day) reduction in the adjusted model. Overall then, higher educational
attainment was associated with slightly younger biological age when compared with
chronological age. We note that the epigenetic clock that was found to be associated with EA,
Clock 4, has previously been found to be the most predictive epigenetic-clock measure of
mortality45.
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Prediction using polygenic methylation scores
The incremental R2’s from the prediction of EA with polygenic methylation scores (PGMS) in
our adult prediction cohort studies, the LBC1936, RS-BIOS, and RS3, are reported in
Supplementary Table S1.13a and Figure 4.5. Across the four PGMS constructed with weights
from the basic and adjusted model, and with the two probe-inclusion thresholds (P < 10–5 and
P < 10–7), the incremental R2’s ranged from 1.4% to 2.0% (P = 3.2810–8 and lower). There
was also weak evidence for an interaction between the PGMS and the SNP PGS in predicting
EA, with the R2’s for the interaction term ranging from 0.1% to 0.3% (P values ranged from
0.01 to 0.12).
In the subsample of never-smokers the PGMS (constructed with weights derived from the full
EWAS sample), the PGMS is far less predictive, with incremental R2’s ranging from 0.3% to
0.9% (Figure 4.5 and Supplementary Table S1.13b). The two PGMS constructed from probes
with P < 110–5 in the EWAS were associated with EA at P < 0.05, while the two PGMS
constructed only from the lead probes with P < 110–7 were not (P > 0.05). No interaction effect
was found between the PGMS and the SNP PGS in the never-smoker subsample.
To further investigate confounding by smoking in the prediction analysis, we examined the
correlations between our PGMS constructed from the lead probes (i.e., those associated with
EA at significance threshold P < 110–7) in either our basic or adjusted model and a PGMS for
smoking (see Supplementary Note 6.2.2 for details). For the smoking PGMS, we use the 187
probes that were identified at epigenome-wide significance (P < 110–7) and then successfully
replicated in a recent EWAS of smoking50. We examine the PGMS correlations in our full
prediction samples, not restricted to never-smokers. For the EA PGMS from our basic model,
we find a correlation with the smoking PGMS of –0.96 in RS3, –0.94 in RS-BIOS, and –0.93
in LBC1936. For the EA PGMS from our adjusted model, the correlations are –0.90, –0.89, and
–0.91, respectively. In all cases, the nearly perfect correlation between the smoking and EA
methylation scores strongly suggests that smoking status confounds the EWAS associations
with EA.
Turning to the child sample in the ALSPAC ARIES cohort46,48, we examined whether a PGMS
constructed from methylation assessed in cord blood samples at birth was predictive of four
prospective measures of educational achievement test scores (Key Stage 1–447), collected
between ages 7 and 16 (Supplementary Note 6.1.1). The results are reported in
Supplementary Table S1.13c. The largest incremental R2 was 0.73% (P = 0.0094), and it was
attained in the model predicting school performance at age 14–16 (i.e., the Key Stage 4 test
scores). However, once maternal smoking status was added as a control variable, the predictive
power of the PGMS became essentially zero (incremental R2 = 0.05%, P = 0.234). This suggests
that the confounding effects of maternal smoking strongly influenced the predictive power of
the PGMS for EA. We draw two conclusions from these results from the child sample. First,
they reinforce the concern that maternal smoking was a major confound for any probe
associations with EA. Second, they suggest that any true methylation-EA associations were
unlikely to be driven by a causal effect of methylation on EA.
Overlap between EWAS probes and published GWAS associations
To supplement our polygenic-score analyses of the overlap between epigenetic and genetic
associations, we next investigated whether our lead probes are located at loci that contain SNPs
previously identified in GWAS of EA and smoking (Supplementary Note 5). Considering
jointly the 141 approximately independent EWAS probes with P < 10–4, we did not find
evidence of enrichment for either EA-linked SNPs (P = 0.206) or smoking-linked SNPs (P =
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0.504). Considering the probes individually, one probe (cg17939805) was found to be in the
same genomic region as a SNP (rs9956387) associated with EA (with a genomic distance of
607 bp), whereas no probes were close to SNPs previously identified as linked to smoking.
Correlation of EWAS results with tissue-specific methylation
To answer the question of whether our EWAS associations are correlated with any tissuespecific DNA methylation, we utilized the tissue-specific methylation data made available by
the Epigenomic Roadmap Consortium51. That data was used to calculate tissue-specific
deviations from average cross-tissue methylation at the loci corresponding to the EWAS CpG
probes associated with EA at a P value less than 110–4 (Supplementary Note 7). We
examined the correlation between these tissue-specific deviations and the EWAS association
test statistics (Z statistics) of the probes, using the results from the adjusted EWAS model. We
report the results in Figure 4.6 and in Supplementary Table S1.14. The strongest correlations
were found for primary haematopoietic stem cells G-CSF-mobilized female and IMR90 fetal
lung fibroblast. Intermediate-strength correlations were found across multiple, seemingly
unrelated tissues, while no correlations of relevant magnitudes were found with the brain tissues
available in the Roadmap. We interpret the lack of correlation with tissues plausibly related to
EA (such as brain tissues) as supporting the conclusion that the EWAS results are driven by
confounding factors rather than by a true association with EA.
Pathway analysis with gene-expression data
Using the GTEx52 expression data and the webtool ‘Functional mapping and annotation of
genetic associations’ (FUMA)53 we performed a pathway analysis. The analysis used the GTEx
gene-expression levels to cluster the 29 genes physically closest to the EA-associated (at P <
110–5) CpG probes of the adjusted model (Supplementary Note 8). The results of the
expression analysis are displayed in Supplementary Figure 4. We find that the genes closest
to the EA-associated probes are expressed across multiple tissues that have no clear relationship
to EA (such as blood tissues, among many other); for further discussion, see Supplementary
Note. Overall, these results are consistent with the hypothesis that the EWAS results are driven
by confounding factors.

Discussion
This study provides one of the first large-scale investigations in humans of epigenetic changes
linked to a biologically distal environmental factor. In our EWAS meta-analysis—one of the
largest EWAS conducted to date—we found nine CpG probes associated with EA. Each of
these probes explains 0.3% to 0.7% of the variance in EA—effect sizes somewhat smaller than
the largest EWAS effects that have been observed for BMI and many times smaller than those
observed for alcohol consumption, smoking, and especially maternal smoking during
pregnancy. When we restrict our analysis to the subsample of never-smokers, the effect sizes
of seven out of the nine lead probes are substantially attenuated. Moreover, the other two lead
probes have been found in previous work to be strongly associated with maternal smoking
during pregnancy12. More generally, comparing our own results to those from previous EWAS
highlights a variety of factors correlated with EA, including not only maternal smoking but also
alcohol consumption and BMI, as potentially major confounding factors for the EA associations
we detect. We also cannot rule out that other factors correlated with EA, such as exposure to
second-hand smoke, could confound the EA associations. This should be taken into account in
future endeavors of associating methylation with biologically distal factors that are known to
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correlate with environmental factors that have a fairly direct biological impact, such as
smoking.
Convincingly establishing a causal effect of EA would require analyzing a sample with quasirandom variation in EA, such as a sample in which some individuals were educated after an
increase in the number of years of compulsory schooling and other individuals were educated
before the law change54. We are not aware of large EWAS samples with quasi-random variation
at present, but we anticipate that such samples will become available as methylation becomes
more widely measured.
Although the EWAS we report here is among the largest conducted to date, our sample size of
10,767 individuals is only large enough to identify nine probes associated with EA at the
conventional epigenome-wide significance threshold. Subsequent EWAS conducted in larger
samples that have sufficient statistical power to identify a much larger number of EA-associated
probes will enable more extensive investigations of overlap with probes associated with other
phenotypes than were possible from our results, as well as analyses of the biological functions
of the probes. Besides limited statistical power, other limitations of our study, common to
EWAS research designs, are that we study methylation cross-sectionally and not longitudinally
and that we only investigate CpG methylation and no other types of epigenetic modifications.
Also, our study focuses on single CpG sites; future studies could consider additional analytical
approaches to assess regions of differential methylation (e.g., genes). Once suitable methods
have been developed, it would also be of interest to estimate the overall proportion of variance
in EA that can be attributed to individual differences in DNA methylation patterns.

Conclusion
One plausible hypothesis is that environmental influences on the epigenome—even those due
to everyday, social environmental factors—are pervasive and profound3. According to the logic
of this view, a major life experience that occurs over many years, such as EA, should leave a
powerful imprint on the epigenome. Motivated by this view and by the evidence of large EWAS
effects in studies of lifestyle factors, when we embarked on this project we entertained the
hypothesis that we might find large associations between EA and methylation. We also
entertained the alternative hypothesis that EA, because it is so biologically distal, may exhibit
much weaker associations with methylation.
While our results do not allow us to distinguish how much of the effects we find are due to true
associations with EA and how much are due to confounding factors, they strongly suggest that
the effect sizes we estimate are an upper bound on the effect sizes of any true methylation
associations with EA. These upper-bound effect sizes are far smaller than associations with
more biologically proximal environmental factors that have been studied. If our results can be
generalized beyond EA to other biologically distal environmental factors, then they cast doubt
on the hypothesis that such factors have large effects on the epigenome.
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Figure 4.1. Manhattan plot of the adjusted EWAS model. The figure displays the Manhattan
plot of the meta-analysis of the adjusted EWAS model (the Manhattan plot of the basic model
is reported in Supplementary Note). The x-axis is chromosomal position, and the y-axis is the
significance on a log10 scale. The dashed lines mark the threshold for epigenome-wide
significance (P = 110–7) and for suggestive significance (P = 110–5). Each epigenome-wide
associated probe is marked with a red , and the symbol of the closest gene based on physical
position.
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Figure 4.2. EWAS effect sizes (in terms of variance explained) across traits and with
GWAS. The figure displays the effect size estimates in terms of R2, in descending order, for
the 50 top probes of the adjusted EWAS model. For comparison we present the 50 top probes
from recent EWAS on alcohol consumption (n = 9,643, Liu et al., 2016), BMI (n = 7,798,
Mendelson et al., 2017), smoking (n = 9,389, Joehanes et al., 2016), and maternal smoking (n
= 6,685, Joubert et al., 2016). For comparison with GWAS effect sizes we contrast the EWAS
probes with the effect sizes of the 50 top approximately independent SNPs from a recent GWAS
on educational attainment (n = 405,073, Okbay et al., 2016). Panel (a) and (b) display the same
results but with a different scaling of the y-axis in order for the smaller effect sizes to be visible.
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Figure 4.3. Comparison of EA EWAS effect sizes with the effect sizes in the never-smoker
subsample and in smoking EWAS results. Panel (a) displays the effect-size estimates in
terms of R2 for the 9 lead probes, in descending order, and the lead probe’s corresponding effect
size when re-estimated in the subsample of never smokers. Panel (b) displays the same
information for the probes of the adjusted model with P < 110–5 (including the 9 lead probes),
as well as the same probes’ effect-size estimates from two recent EWAS of smoking (n = 9,389,
Joehanes et al., 2016), and maternal smoking (n = 6,685, Joubert et al., 2016). The smoking and
maternal smoking estimates are only publicly available for probes associated at FDR < 0.05 in
the respective EWAS.
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Figure 4.4. Effect size estimates (in days) of the epigenetic clock analyses with 95%
confidence intervals. Panel (a) displays the effect size estimates from the basic age
acceleration model, and panel (b) displays the effect size estimates from the adjusted age
acceleration model. The effect size is denoted in days of age acceleration per year of EA, and
error bars represent 95% confidence intervals.
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Figure 4.5. Methylation score prediction of educational attainment in independent
holdout samples. Panel (a) displays the prediction in all individuals, and panel (b) displays the
prediction in the subsample of never smokers. Four methylation scores were constructed: using
coefficient estimates from the basic model versus adjusted model, crossed with a P-value
threshold of 10–5 and 10–7. The sample sizes of the LBC1936, the RS3, and the RS-BIOS
cohorts are 918, 728, and 671 individuals, respectively. We performed sample-size-weighted
meta-analysis across the cohorts for each of the four methylation-score prediction analyses.
From left to right, the respective P-values testing the null hypothesis of zero predictive power
are 4.4210–11, 7.7610–11, 2.0210–11, and 3.2810–8 for the full sample and 0.0183, 0.0898,
0.0051, and 0.1818 for the never-smokers, respectively. The full prediction results are presented
in Supplementary Table S1.9a and S1.9b.
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Figure 4.6. Correlations between tissue-specific methylation and the EWAS association
results (adjusted model). Panel (a) displays the correlation estimates based on the wholegenome bisulfite sequencing (WGBS) methylation measurement, and (b) displays results based
on the mCRF methylation measurement. (The mCRF measurement combines sequencing data
from the MeDIP-seq and MRE-seq methods.) The method is described in Supplementary Note
7. Correlations that are significant after Bonferroni correction are marked with two asterisks
(**), and marginal significance (P < 0.05) is marked with one asterisk (*). The tissue-specific
methylation data is from the Roadmap Epigenomics Consortium, and we used their
categorization and color code for simplicity of comparison51.
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Table 4.1 | EWAS association results - adjusted model
EWAS association results - adjusted model (9 probes with P-value < 110–7)
Distance
Expected power
n (never- P-value (neverClosest
Probe
ChrPosID
n
P-value
R2
closest
in never-smokers
smokers)
smokers)
gene
gene TSS
(n = 5,175)
–17
cg05575921
5:373379
10,315
2.0310
0.70%
AHRR
-47,656
75.1%
5,174
1.4610–1
–11
cg21566642 2:233284662 9,633
2.2610
0.46%
ALPPL2
13,110
33.3%
4,627
6.3610–2
cg05951221 2:233284403 10,313
1.1210–10
0.40%
ALPPL2
12,851
22.2%
5,174
3.1010–3
cg03636183 19:17000586 10,313
1.2410–9
0.36%
F2RL3
760
15.2%
5,172
6.5510–1
–9
cg01940273 2:233284935 10,316
3.8410
0.34%
ALPPL2
13,383
12.3%
5,175
3.3710–2
–9
cg12803068
7:45002920 10,316
8.0910
0.32%
MYO1G
6,067
10.6%
5,174
1.4810–4
0.31%
MYO1G
6,500
9.2%
4,334
4.3510–4
cg22132788
7:45002487
9,531
5.5210–8
0.30%
IER3
-7,753
8.2%
5,174
2.9810–1
cg06126421
6:30720081
9,718
6.6310–8
0.28%
AHRR
-21,674
6.4%
5,170
6.5910–2
cg21161138
5:399361
10,309
7.3910–8
Note: "Distance closest gene TSS" measured in base pairs. An extended version of this table is available in Supplementary Table S1.7a.
R2
(neversmokers)
0.04%
0.07%
0.17%
0.00%
0.09%
0.28%
0.28%
0.02%
0.07%
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Study overview
This meta-analysis study of educational attainment (EA) and cytosine-phosphate-guanine
(CpG) methylation in human DNA was performed according to a pre-specified analysis plan.
The analysis plan was publicly archived on Open Science Framework (OSF) in September 2015
(available at https://osf.io/9v3nk/), and it specifies two main analyses to be conducted at the
cohort level – an epigenome-wide association study (EWAS)1, and an epigenetic clock
analysis2. The EWAS is considered hypothesis-free as it is performed genome-wide without an
expected direction of effect for individual CpG loci (often referred to as CpG probes), while
the epigenetic clock analysis is hypothesis-driven since we a priori expect lower EA to be
associated with a faster running epigenetic clock (a higher DNA methylation age).
When we designed the study, we aimed to achieve a sample size of at least 10,000 individuals,
which would lead to 80% power to detect an effect as small as R2 = 0.38%. This effect size is
much smaller than those found in EWAS of other traits3–5, but smaller effect sizes could
possibly be expected as EA is a biologically distal environmental factor. To achieve the desired
sample size, we were required to pool data across cohort studies and perform a meta-analysis.
Due to privacy and data sharing restrictions the EWAS and epigenetic clock analysis could only
be performed locally, and subsequently meta-analyzed. Cohorts could join this study by
providing a signed collaboration agreement and sample descriptives during the fall of 2015.
The Principal Investigator (PI) of each cohort affirmed that the results contributed to the study
were based on analyses approved by the local Research Ethics Committee and/or Institutional
Review Board responsible for overseeing research. All participants provided written informed
consent. An overview of the 27 independent cohort studies from the 15 participating cohorts is
reported in Supplementary Table S1.1.
In summary, the EWAS was performed with a basic model with covariates for age, sex and
white blood-cell counts, and an adjusted model with additional covariates to correct for the two
lifestyle factors body mass index (BMI) and smoking, which were available in all cohorts. For
a full description of the control variables, see below. Since lifestyle factors such as BMI and
smoking are known to be strongly associated with both methylation and EA6–8, we focus the
presentation and follow-up analyses on the results of the adjusted model as we consider this to
be more conservative.

Sample inclusion criteria
The analysis plan specified the individual inclusion criteria, limiting the analysis to individuals
of European ancestry, who were at least 25 years of age at the time of assessment of EA.
Individuals were to be excluded if they were cases from cohorts with a case-control study
design; if they did not have successfully measured methylation or did not pass other cohortspecific standard quality control (QC) filters. Cohort-level individual and CpG probe filtering
is explained below. A second quality control was implemented after meta-analysis, and this
procedure is described below.
The total meta-analysis sample sizes of the basic and adjusted EWAS models are respectively
10,767, and 10,317. Some individuals were excluded from the adjusted model due to missing
covariates, which caused the difference in sample size.
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Cohorts performed the analyses with code pre-specified in the analysis plan9, and this code can
be accessed at Open Science Frameworkq. For the EWAS the cohorts provided the following
summary statistics for each probe to the meta-level analysis - CpG probe ID (“markername”),
estimated regression coefficient (beta), standard error of the coefficient estimate, P value of the
coefficient estimate, and sample size. For the epigenetic clock analyses the cohorts provided
the parameter estimates for the four different age acceleration measures, standard error of the
parameter estimates, P value of the parameter estimate, and sample size.

Phenotype definition and sample descriptive statistics
Educational attainment (EA) was harmonized across cohorts in accordance with earlier work
of the Social Science Genetics Association Consortium (SSGAC)10,11, i.e., in accordance with
the ISCED 1997 classification (UNESCO)12. The classification consists of seven
internationally comparable categories, which were subsequently translated into US years-ofschooling equivalents, which have a quantitative interpretation (Supplementary Table S1.2).
The translated measure maintains a high level of variance in the phenotype and the cohortspecific translation is reported in Supplementary Table S1.3, together with the within-cohort
means and standard deviations.
A summary of the 27 independent cohort studies from the 15 contributing cohorts is reported
in Supplementary Table S1.1. The within-cohort mean age at reporting ranges from 26.6 to
79.1 years, and the minimum and maximum age is respectively 18r and 94 years. The sample
size ranges from 48 to 1,658, with an average of 399 individuals. The average EA within the
cohorts ranges from 8.6 to 18.3 years of education, and the sample-size weighted average is
13.6 (SD = 3.62). Females comprise 54.1% of the meta-analysis sample.

DNA methylation measurement and cohort-level quality control (QC)
Genome-wide CpG methylation was measured in whole blood with the Illumina 450k Human
Methylation chip. Since background correction and normalization of methylation data is timeconsuming and dependent on sample-specific properties, and as no method is considered overall
superior, we encouraged the cohorts to perform background correction13 and normalization14
according to their standard QC protocols to prepare the chip data for analyses. We report the
cohort-specific technical details in Supplementary Table S1.4.
Cohorts were recommended to implement exclusions of CpG probes and samples of individual
participants using the following thresholds: probes should be excluded if the probe-detection P
value was greater than 0.01 in more than 5% of the individuals, and individuals should be
excluded if the detection P value was greater than 0.01 for more than 5% of the probes within
an individual.
White blood cell counts, which were included as covariates to avoid confounding due to
differential leukocyte cell composition across individuals, could either be measured directly or
imputed based on the Houseman algorithm15.
To summarize, we standardized the analysis protocol as much as possible, while ensuring some
degree of flexibility to keep the implementation feasible for all samples.
q

To access the code for follow-up analyses please contact the corresponding author.
The FTC and LLD cohorts were allowed to additionally include individuals slightly below 25 years of age because
the FTC cohort includes on-going education in the EA measurement, and the cohorts has validated the phenotype
with later cohort waves (Cohen’s  = 0.82). The LLD cohort measures EA with high enough precision to capture
most of the variation even for individuals that had not yet begun higher education.
r
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Epigenome-wide association study (EWAS)
The dependent variable in the epigenome-wide association study (EWAS) was the methylation
beta-value, i.e., the proportion of methylation at a CpG locus across the measured cells within
an individual. The beta-value hence lies in the interval [0, 1], and has a biologically meaningful
interpretation. An alternative approach is to regress the methylation as the so-called M-value,
which is the log2 transformed beta-value16. For comparability, we used the beta-values
following the methodology of the largest EWAS studies to our knowledge3,5,6,17. The relation
between CpG methylation and the technical covariates motivates having the methylation betavalue as the dependent variable since the technical covariates reduce the error variance leading
to greater statistical power to find associations with the phenotype of interest.
Each cohort study estimated the following regression for each CpG probe passing cohort-level
quality control:
#)$

(H \ .8 Z .9 H Z 214 6 Z 34 5 Z 14 7 Z 0H 

where (H is the methylation beta-value for individual i, H is the harmonized continuous
measure of EA, 214 is a vector of the first four principal components of the genetic relatedness
matrix, and 34 is a vector of control variables further explained below. 14 is a vector containing
study-specific controls and technical covariates (such as dummy variables for plates,
hybridization date, and batches) that were encouraged in the analysis plan, which is discussed
below.
In accordance with the pre-specified analysis plan, probes with P value less than 110–7 (the
commonly-used threshold in epigenome-wide association studies1) were considered as
epigenome-wide significant associations. We report two-tailed P values throughout the paper
unless otherwise specified.
Control variables in the adjusted model
Two epigenome-wide association analyses were performed in each cohort, a basic model and
an adjusted model. The two models differ in the included covariates (34 ) in accordance with
the pre-specified analysis plan, where the basic model controls for age, sex, and white bloodcell counts. The adjusted model additionally includes BMI (kg/m2), and smoking measured as
a categorical variable (measured either as Ever/Never smoker or Current/Former/Never
smoker, depending on data availability), together with a squared age term to account for nonlinear age effects, and an interaction term between age and sex. Since lifestyle factors such as
BMI and smoking are known to be strongly associated with both methylation and EA6–8, we
focus the article on the results of the adjusted model as we consider this to be more conservative.
The quadratic age term and the interaction between age and sex were added to the adjusted
model, because of the known non-linear relationship between age and CpG methylation (see
Bollati et al., 2009; Langevin et al., 2011; Horvath et al., 2012; Bell et al., 2013; Florath et al.,
2014)18–22, as well as the relationship between sex and CpG methylation (e.g. Boks et al., 2009;
Liu et al., 2010; Zhang et al. 2011)23–25. Moreover, levels of educational attainment (our main
explanatory variable) vary by age (birthyear) and sex (see e.g. Barro and Lee, 2001)26. Hence,
the inclusion of these control variables is both biologically and statistically warranted.
Cohort-specific control variables
After discussion with the meta-analysts, a few additional cohort-specific control variables were
encouraged if they were deemed necessary to control for confounding relationships between
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EA and CpG methylation, and these cohort-specific control variables were included in 14 . The
EPIC and MCCS cohorts did not have genetic data available to allow inclusion of genetic PCs,
so the first principal component of the methylation matrix was included instead as a stringent
alternative to control for possible inflation of the test statistic due to subtle population
stratification. The HBCS cohort included a dummy for childhood separation exposure, KORA
F4 a dummy for World War 2, and MCSS included country of birth control variables, all of
which could plausibly be correlated with both EA and methylation.
Moreover, in ALSPAC, EPIC-Breast Cancer, MCCS-Breast Cancer, and MCCS-Prostate
Cancer, sex was not included because these samples consist of solely females or males. In
EGCUT1 smoking was not included because all participants were non-smokers. The EPIC and
MCSS samples did not control for genetic PCs because of unavailability of these variables but
controlled instead for the first PC of the methylation data as a stringent alternative. The age2
term was not included in the LBC models due to the very narrow age-range in these birth cohort
samples.

Description of major steps in meta-level quality-control (QC) analyses
A stringent quality-control (QC) protocol was performed to ensure that only high-quality CpG
probes were meta-analyzed. All cohorts were asked to supply descriptive statistics and
phenotype definitions according to the pre-specified analysis plan, and the completeness of
these documents was assessed as the first step of quality control, together with examination of
the uploaded EWAS summary statistics. Thereafter we applied the following probe filters.
Filters were applied to remove (a) probes with missing P value, standard error or coefficient
estimate; (b) probes not available in the probe annotation reference by Price et al. (2013)27; (c)
CpH probes (H = A/C/T); (d) probes on the sex chromosomes; (e) cross-reactive probes
highlighted in a recent paper by Chen et al.28; and (f) probes with a cohort-level call rate less
than 95%.
Probes were annotated if they were so-called SNP-probes, i.e., if the probe is located on a
single-nucleotide polymorphism (SNP). This was done so that any positive results could be
interpreted with caution if the associated probe would be located on a SNP, as this is known to
affect the methylation status of the CpG probe27. We however chose to keep all SNP-probes in
the results, rather than removing all of them.
The output from the quality control was examined to see if any filters removed an unusual or
unexpected number of probes, and two analysts independently performed and crosschecked the
QC. After probe filtering, the distributions of the coefficient estimates (betas) were compared
across the cohorts to identify possible outliers and birth-year effects.

Meta-analysis
Due to the differences in the mean and standard deviation of CpG methylation across cohorts
we decided to perform sample-size weighted fixed-effect meta-analysis of the cohort-level
EWAS summary statistics using the METAL29 software, as fixed effect meta-analysis is robust
to differences in units of measurement. Due to the variability of />= across cohorts we applied
cohort-level genomic control to deflate the association test statistic prior to meta-analysis,
equivalent to its GWAS analogue30, to stringently control for possible population stratification
that could remain even after controlling for genetic principal components in regression. In the
final meta-analysis results, only probes with a meta-level sample size greater than 1,000 were
considered.
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Investigation of possible confounding with tobacco smoking
The adjusted EWAS model included a categorical control variable for tobacco smoking
(categorized as current, former or never smoker). Due to the discrete nature of the variable and
the measurement error that follows by not measuring tobacco smoking as a continuous variable,
we believe that the control variable might not have completely controlled for the exact smoking
exposure. Unfortunately, controlling for smoking with a categorical variable is the common
approach due to the lack of a more precise smoking measure in most cohort studies. As a result,
smoking could potentially bias the regression coefficient of EA because of the known negative
correlation between smoking and EA36, and the strong association between smoking and
methylation found in a large number of studies4,6. Therefore, we performed a literature review
using PubMed to see if any of the lead probes from the adjusted model have been associated
with smoking in previous studies.
The literature review was performed February 24, 2016 by searching for the term “smoking”
together with each of the adjusted model’s nine lead probes separately. The search resulted in
30 eligible studies or smaller meta-analyses (n < 1,800) on CpG methylation and different forms
of smoking exposure, one systematic review by Gao et al. (2015)37, and two larger metaanalyses by Joehanes et al. (2016, n = 9,389)6 and Joubert et al. (2016, n = 6,685)4 that include
many of the individual studies. The EWAS meta-analysis by Joehanes et al., 20166, comprised
of several of the 30 individual studies, was published after the literature review had been
performed and we added this study to the literature review post-hoc due to its relevance and
large sample size. The result of the literature review is presented in Supplementary Table
S.1.10.
The studies could largely be categorized as an investigation of either the relationship between
a person’s own smoking and methylation, or the association between newborn’s methylation
and maternal smoking, both at birth and at later stages in the life of the offspring. Most of the
individual studies have relatively small sample sizes (smallest sample size consists of only 21
monozygotic twin pairs, and the average sample size is 471), and we note that many of the
individual studies on personal smoking are meta-analyzed in Joehanes et al. (2016), and most
of the individual studies on maternal smoking are meta-analyzed in Joubert et al. (2016).
We found that all of the adjusted model’s nine lead probes have been associated with smoking
in at least one previous study, and in Supplementary Note 4.3 we contrast the EWAS effect
sizes estimates for EA with the effect size estimates from the two meta-analyses studies.
However, not all of these previous studies controlled for EA, and the associations between
smoking and methylation could therefore be biased due to the omission of EA as a control
variable, which makes it complicated to draw definite conclusions of the magnitude of
confounding. Also, the sample sizes of many of the individual studies are small and likely to
contain a higher number of false positives than the meta-analyses.
In light of this finding we interpret our EWAS findings carefully, and the literature review
motivated the post-hoc sensitivity analyses in the subsample of people that never smoked
presented in the next section.

Robustness of EWAS results in the never-smoker subsample
To further investigate the possible confounding effect of smoking on the association between
EA and CpG methylation, all cohorts reran the EWAS in the subsample of individuals that
reported as ‘never smoker’. We refer to this subsample as the never smokers. The full EWAS
sample consists of the ever smokers (i.e., the individuals who answered that they were ever,
current, or former smokers) and the never smokers. This approach would give us confidence in
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the associations of the adjusted model if the lead probes were found to be associated with EA
in the never-smoker subsample. We note that this sample could be biased in other ways when
selected on this specific variable, and the statistical power will be lower due to the decrease in
sample size, and we therefore do not perform any further analysis of any other probes than the
nine lead probes in this subset.
The meta-analysis sample size of the never-smoker subsample was 5,175, and with the effectsize estimates from the adjusted model we calculated the power to detect the effects of the lead
probes in the never-smoker subsample. The expected power ranged from 6.4% to 74%
(Supplementary Table S1.7a), at P value < 10–7, and the expected number of replications was
1.93 given the expected power. If a more liberal Bonferroni-corrected threshold would be used,
such as 0.05/9, then the power in the never smokers ranged from 81% to 100%. Hence, we
expected considerable statistical power to replicate the lead probes of the adjusted model in the
never-smoker subsample assuming the full sample effect size estimates.
After quality control, we performed a meta-analysis of the re-estimation in the never-smoker
subsample, and the results are displayed in Supplementary Table S1.7a. None of the 9 lead
probes were significant at the stringent epigenome-wide threshold of P < 10–7, while 2 probes,
cg12803068 and cg22132788, were estimated with strong associations even though the sample
size was halved (with respective P values of 1.4810–4 and 4.3510–4).
Joint test of no association in the never-smoker subsample
Next, we performed a joint test of the null hypothesis that the regression coefficients of the lead
probes are all equal to zero, with the sample-size weighted Z statistic estimated in the never
smokers. Since we have no a priori hypothesis of a direction of effect for different CpG probes,
and to avoid that positive and negative Z-statistics cancel out, we performed this test on the
absolute value of the Z-statistic with the following weighting
=NLCHMFE \

JH<9 ,H H
`JH<9 ,H:

#'$

where
,H \ _H

The right-tailed P value of the joint test of no association was 2.1810–11. As a robustness
check, we also performed this test while pruning the lead probes so that only the strongest
association within 250kb was kept. In that case, we observed a right-tailed P value of 4.9110–
6
, based on five probes. We interpret this as evidence that at least one probe has an estimated
effect different from zero in the meta-analysis of the never smokers (however see
Supplementary Note 4.4 for more discussion of maternal smoking as a confounding factor).
Effect size comparison ever versus never smokers
Next, we investigated whether the effect-size estimates changed between estimation performed
in the ever and never smokers. To be able to compare the differences in effect sizes and the
precision of the estimates (SE), we used inverse-variance weighted meta-analysis to retain
meta-analytical betas and standard errors for the nine lead probes. We thereafter derived the
effect sizes and standard errors of the ever smokers by assuming that the effect size estimates
in the full sample is a weighted average of the effect size estimates in the ever smokers and
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never smokers, as the two groups are mutually exclusive and the union between the two is the
full EWAS sample.
The result of the effect size comparison is presented in Supplementary Figure 4.3. We aligned
the effect sizes to the first quadrant by taking their absolute values so that all effect sizes were
positive for the comparison. If the effect sizes would be similar across the subsamples we would
expect them to align along the 45-degree line, and if confounding would be driving the effectsize estimates then we would expect a cluster above the 45-degree line as the effect-size
estimates in the ever smokers would be greater than those in the never smokers.
By visual inspection we observed a cluster of probes with larger effect size estimates in the ever
smokers than in the never smokers (i.e., those above the 45-degree line). We also observed a
second cluster of effect size estimates with similar estimates in both subsamples (i.e., those
along the 45-degree line). The two lead probes that we found suggestively associated in the
never smokers i.e., cg12803068 and cg22132788, have slightly larger effect size estimates in
the ever smokers than in the never smokers, however these larger estimates lie within the
confidence intervals of the estimates in the ever smokers. The effects of the other seven probes
were estimated to be more than 50% smaller in the never smokers than in the ever smokers, and
all of these effect size estimates are outside the confidence intervals of the estimates among
ever smokers.
Lookup of probes in EWAS meta-analysis on smoking and maternal smoking during
pregnancy
In Figure 4.3 and Supplementary Table S1.11 we present the effect-size estimates, in terms
of R2, of the 44 probes of the adjusted model with P value less than 110–5 (including the nine
lead probes). The probes are listed in descending order based on their effects, for comparison,
we display their effects when re-estimated in the never-smoker subsample, as well as their
effects as reported in the recent EWAS meta-analyses on smoking by Joehanes et al. (2016)6
and maternal smoking by Joubert et al. (2016)4. We report the effect sizes for smoking and
maternal smoking if a probe was significantly associated in these studies at FDR < 0.05, as
those results were publicly available.
Notably, the effect sizes of smoking and maternal smoking are many times larger for most
probes compared to the effect of EA. Further, the suggestively associated probes cg12803068
and cg22132788, and the closest gene; MYO1G, have all been reported as affected by maternal
smoking in newborn’s, and persistently later in life4,38. The effect of maternal smoking on these
two probes is extreme; their R2 are 8.34% and 6.33%, respectively. In our study, we do not have
access to individual-level information on maternal smoking. Thus, we cannot distinguish
between the hypothesis that these probes are truly associated with EA and the hypothesis that
the observed association with EA is entirely driven by a greater exposure to maternal smoking
during pregnancy among lower-EA individuals. The extreme effects of smoking and maternal
smoking substantially weaken the support of the premise that these probes would be directly
affected by EA, rather than indirectly via smoking. Also, we cannot rule out other potential
confounders, such as exposure to second-hand smoke. The lookup strongly suggests that
smoking and maternal smoking are worrying confounding factors for the probe associations
with EA, even in the subsample of individuals who self-report as never smokers.
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Enrichment analyses
Enrichment analysis of GWAS of smoking and EA
We performed an enrichment analysis to investigate whether the genetic loci, in proximity with
the probes found to be associated in the adjusted EWAS model (at P < 110–4), also contain
SNPs enriched for EA and smoking. For EA, we used the GWAS summary-statistics from a
large (n = 405,073), recent meta-analysis by Okbay et al. (2016)34. For smoking, we used a
meta-analysis combining GWAS results from the UK Biobank together with the publicly
available summary statistics from the Tobacco, Alcohol, and Genetics Consortium (TAG, total
n = 186,102)39. The latter meta-analysis is described in detail in Karlsson Linnér et al. (2017)40.
The enrichment analysis was performed with the 179 EWAS probes from the adjusted model
with P value less than 110–4. We pruned the probes so that the probe with the lowest P value
in a locus was selected as the lead probe, and all probes within 250kb from the lead probe was
clumped with the strongest association. This resulted in 141 “approximately independent” lead
probes (k). For each of the phenotypes, we extracted the closest SNP available in the GWAS
summary statistics based on the physical position of the k lead probes. Using the reference panel
1000 Genomes phase 3 (October 2014 haplotype release version 5), we extracted the SNPs in
strong LD (r2 >= 0.8) with the k SNPs. Next, we averaged the absolute value of their GWWAS
Z statistics, as well as the minor allele frequency (MAF) of the SNPs in strong LD. This leads
to a distribution of k average Z statistics and average MAF.
From the summary statistics we extracted a set of 1,000 random SNPs for each of the k SNPs,
matched on the average MAF (+/- 1pp), and for the matched SNPs we also averaged the
absolute value of the Z statistics across the SNPs in strong LD, just as for the 141 “first-stage”
SNPs. This leads to a distribution of k1,000 average absolute Z statistics. Next, we ordered
the Z statistics and performed a test of joint enrichment with the non-parametric Mann-Whitney
test of the null hypothesis that the association test statistic of the k SNPs are drawn from the
same distribution as those of the 141,000 MAF-matched SNPs.

Prediction of EA with polygenic methylation scores
To test the out-of-sample predictive power of our EWAS findings, we constructed polygenic
methylation scores (PGMS) to perform prediction of EA. The prediction was performed in three
independent cohort studies, the Lothian Birth Cohort 1936 (LBC1936, n = 917), Rotterdam
Study BIOS (RS-BIOS, n = 671), and Rotterdam Study 3 (RS3, n = 729). For each of the
prediction cohorts we created a new EWAS meta-analysis withholding the respective prediction
cohort study to avoid overfitting42. The effect sizes (in terms of Z statistics) from the respective
holdout meta-analysis were used as weights when constructing the PGMS. The Z statistic were
used instead of the EWAS coefficients because CpG methylation is the dependent variable in
the EWAS regression.
For each prediction sample we created four PGMS using two P-value thresholds P < 10–5 and
P < 10–7, and the estimates from the basic and adjusted models. The PGMS was defined as the
weighted sum of the Q CpG probes:
P

#($

bH \ a cI HI 

I<9

bH denotes the methylation score of individual i, cI is the estimated Z-statistic for CpG
where 
probe j, and HI is the methylation beta-value for individual i at CpG probe j.
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A recent study showed that the phenotypic prediction can be improved if the PGMS is combined
with a single-nucleotide polymorphism polygenic score (SNP PGS)43. We therefore included a
SNP PGS constructed with the effect size estimates from a recent large-scale GWAS on EA (n
= 405,073)11, and the prediction cohorts were excluded from the GWAS meta-analysis to avoid
overfitting. The SNP PGS was defined as the weighted sum of the T directly genotyped SNPs:
S

#)$

cH \ a .cI !HI 
I<9

where cH denotes the polygenic score of individual i, .cI is the estimated additive effect size of
the effect-coded allele at SNP #, and !HI is the genotype of individual "at SNP j (coded as
having 0, 1 or 2 instances of the effect-coded allele)44.
For each prediction cohort study we performed an OLS regression with EA as the dependent
variable, and age and sex as control variables. The predictive power of the PGMS was evaluated
as the incremental R2 of adding the PGMS to the regression model, i.e., the difference in R2
between the regression model with only the SNP PGS and the covariates, and the regression
model with the PGMS together with the SNP PGS and the covariates. The incremental R2 of
the interaction term (between the PGMS and SNP PGS) was evaluated as the difference in R2
between the regression model with the PGMS and the SNP PGS as additive main effects,
together with the covariates, and the same regression model with the interaction term added.
To estimate 95% confidence intervals for the incremental R2 we performed bootstraps with
1,000 samples with the percentile interval method, and this was done with the ‘boot’ package
in R9,45,46. Finally, the incremental R2 was meta-analysed across the three prediction cohorts
(LBC, RS-BIOS, and RS3) as the sample-size weighted incremental R2.
ALSPAC prediction of educational achievement
A further prediction analysis, using the same PGMS prediction method as described in
Supplementary Note 6, was carried out in the ARIES substudy (n = 678) of the ALSPAC
cohort47,38. Cord-blood methylation was assessed in newborn children and EA was measured
using four sets of standardised Key Stage48 school grades from primary level through to high
school (educational achievement was evaluated at ages 7-16 years), and the Key Stage
educational achievement test scores are part of the state education system in the UK48. The cord
blood signatures were collected prior to any educational exposure and may help identify if
methylation differences might be a cause or consequence of EA. For each of the Key Stages 1
to 4, an average score across all school subjects was derived for each child. The predictive
accuracy of the PGMS, built using the association Z-statistic from a meta-analysis excluding
the ALSPAC cohort, was assessed as the incremental adjusted R2 of adding the score to the
OLS regression model, with sex and age at assessment as control variables. Secondly, we tested
if these associations were robust to the inclusion of maternal smoking as an additional control
variable. Finally, we performed the prediction in a restricted sample using data from children
of non-smokers only.

Correlation of EWAS associations with tissue-specific methylation
The NIH Roadmap Epigenomics Consortium recently made an impressive analysis and
categorization of a multitude of different epigenetic marks, across 111 different tissues51. The
data is publicly archived, and we harnessed their tissue-specific methylation data to answer the
question of whether our EWAS associations are correlated with any tissue-specific DNA
methylation. We hypothesize that EWAS associations for a given phenotype would be more
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likely to be located at loci that are differentially methylated in tissues relevant for the phenotype
or endophenotypes. E.g., if our EWAS associations would be correlated with the tissue-specific
methylation of brain tissues, that would increase the credibility of the associations, and improve
the biological interpretation.
Genome-wide methylation data was available for three kinds of CpG methylation
measurements: whole-genome bisulfite sequencing (WGBS), reduced representation bisulfite
sequencing (RRBS), and mCRF (a method combining sequencing data from the MeDIP-seq
and MRE-seq methods). Methylation was measured as the beta value, ranging from 0 to 1, and
it was available for 37 tissues measured with WGBS, 49 tissues with RRBS, and for 16 tissues
with mCRF. Only eight tissues were available for two or more methylation measurements.
We pruned the probes of the adjusted EWAS model with P-value less than 110–4 using a
window of 250kb, as described in 5.1 Enrichment analysis of GWAS of smoking and EA,
which resulted in 141 “approximately independent” probes. Based on the physical location of
the 141 pruned probes we extracted the beta-value for WGBS, RRBS, and mCRF. The betavalues were first converted to M-valuess, and thereafter we calculated standardised tissueYYYYYYY=O> e for each of
specific deviations (=O>S ) from the cross-tissue average methylation (+%
the 141 CpG loci as:
(7)

=O>S \

+%=O>
+%=O>S [ YYYYYYY
* d+%=O> e

where =O>S is the tissue-specific deviation for tissue t, at locus CpG. This procedure was
performed within each methylation measurement. Hence, in the case that a tissue had no
missing CpG loci, there were 141 tissue-specific deviations; each corresponding to one of the
loci identified in the association results of the adjusted EWAS model. For RRBS, there were
many missing values across all 49 tissues, and the maximum number of loci available was 38
out of 141. We therefore excluded the RRBS measurement from further analysis, while both
WGBS and mCRF had close to 141 overlapping loci for all tissues (Supplementary Table
1.14).
For WGBS and mCRF we calculated correlations with the tissue-specific Z-statistics and the
EWAS association Z-statistics of the pruned probes (from the adjusted EWAS model).
Bonferroni correction for the number of tissues within each methylation measurement was
performed.

methQTL analysis
It has been shown that genetic variants also explain variation in CpG levels1 in addition to
environmental influences on DNA methylation. EWAS probes under genetic influence may
help us understand the direction of association between CpGs and outcomes, but it can also be
a confounding factor. SNPs affecting the level of methylation, usually referred to as methylation
quantitative trait loci (methQTL)1, sometimes have effect sizes that can be found in samples of
less than a thousand individuals54,55, which is much less than what is necessary for most GWAS
of e.g. behavioral phenotypes34. Therefore, as is customary in the EWAS literature, we
performed a GWAS for each of the 9 lead probes to investigate if any SNPs were associated
with the level of methylation. The genome-wide association analysis was performed in the

s
As the consortium methylation data was only available with two decimals precision, we imputed 0’s and 1’s
with 0.005 and 0.995 to avoid infinite M-values.
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LBC1936 (n = 918) and RS3 (n = 731) cohorts that estimated the following GWAS regression
equation for each autosomal bi-allelic SNP and lead probe:
#+$

H \ .8 Z .9 H Z 214 6 Z 34 5 Z 14 7 Z 0H 

where H is the methylation beta-value for individual ", H is the number of reference alleles
of the SNP, 214 is a vector of the first four principal components of the genetic relatedness
matrix, and 34 is a vector of the control variables age and sex, as well as an interaction term
between age and sex. 14 is a vector containing study-specific controls and technical covariates,
such as dummy variables to control for genotyping array and batch.
Quality control of methQTL analyses
The GWAS results of the methQTL analyses were quality controlled according to a stringent
protocol by the GIANT consortium56, and the protocol was implemented with the EasyQC
software. In summary the following major filters were applied; removal of monomorphic and
multi-allelic SNPs, and structural variants such as INDELs; removal of SNPs with an IMPUTE
imputation quality < 0.7; and of SNPs with a minor allele frequency (MAF) < 0.05. The quality
control procedure ensures that all SNPs have alleles aligned to the 1000G phase 3, version 5
(October 2014 haplotype release)57, and SNPs that could not be aligned with the reference were
removed.
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Meta-analysis of the serotonin
transporter promoter variant
(5-HTTLPR) in relation to adverse
environment and antisocial behavior
I don’t think aggression works like thirst or sleep. I think aggression is more elicited by particular situations. I think it can be mitigated.
Steven Pinker

It’s been proven by quite a few studies that plants are good for our psychological
development. If you green an area, the rate of crime goes down. Torture victims
begin to recover when they spend time outside in a garden with ﬂowers. So we
need them, in some deep psychological sense, which I don’t suppose anybody
really understands yet.
Jane Goodall

Based on Tielbeek, Karlsson Linnér, Beers, Posthuma, Popma,
& Polderman (2016). American Journal of Medical Genetics
Part B: Neuropsychiatric Genetics.

Chapter 5

Abstract
Several studies have suggested an association between antisocial, aggressive and delinquent
behavior and the short variant of the serotonin transporter gene polymorphism (5-HTTLPR).
Yet, genome-wide and candidate-gene studies in humans have not convincingly shown an
association between these behaviors and 5-HTTLPR. Moreover, individual studies examining
the effect of 5-HTTLPR in the presence or absence of adverse environmental factors revealed
inconsistent results. We therefore performed a meta-analysis to test for the robustness of the
potential interaction effect of the “long-short” variant of the 5-HTTLPR genotype and
environmental adversities, on antisocial behavior. Eight studies, comprising of 12 reasonably
independent samples, totaling 7,680 subjects with an effective sample size of 6,724, were
included in the meta-analysis. Although our extensive meta-analysis resulted in a significant
interaction effect between the 5-HTTLPR genotype and environmental adversities on antisocial
behavior, the methodological constraints of the included studies hampered a confident
interpretation of our results, and firm conclusions regarding the direction of effect. Future
studies that aim to examine biosocial mechanisms that influence the etiology of antisocial
behavior should make use of larger samples, extend to genome-wide genetic risk scores and
properly control for covariate interaction terms, ensuring valid and well-powered research
designs.

120

Discovering the genetic architecture of the mind

Introduction
Antisocial behaviors, such as aggression, have a destructive effect on the lives of victims, can
disrupt communities and cause societal instability and fear. Next to these physical and
psychological costs, antisocial behavior inevitably brings enormous monetary costs. The
average costs per murder in the United States was estimated between $17.25 and $24 million
and the costs of criminal careers of the most violent and prolific offenders was estimated to be
$150–160 million1,2. Given its tremendous societal impact, the study of antisocial behavior has
been an important focus of research throughout history. Scientifically informed early
intervention strategies could potentially interfere with risk factors for antisocial development,
thereby effectively reducing the burden of antisocial behavior for society. However, despite
substantial research efforts, the complex etiology of antisocial behavior remains only partly
understood.
Environmental Adversities
Criminological research has revealed extensive and invaluable information regarding the
environmental adversities influencing antisocial behavior. An important environmental
adversity that often arises from these studies is the negative effect of exposure to stressful or
traumatic events early in life. These include physical, emotional or sexual abuse, neglect, and
a range of household dysfunctions, such as witnessing violence against mothers or incarceration
of a family member. Exposure to environmental adversities can have an immense impact on
the cognitive and emotional development of children and is associated with developing serious
mental disorders later in life and health problems throughout the lifespan, such as alcoholseeking behavior in early and mid-adolescence3, early initiation of illicit drugs and sexual risk
behaviors4. Environmental adversities also impose an increased risk of developing antisocial
outcomes, such as conduct disorder and adult criminality5,6. In addition to childhood
environmental adversities, other environmental variables such as a lower socioeconomic status
(SES) and delinquent peer affiliation are also associated with antisocial development. A recent
meta-analysis, summarizing the data of 133 studies, demonstrated that lower family SES was
associated with higher levels of antisocial behavior in children and adolescents*. Another study
showed that socialization effects of peer influences on antisocial behavior were particularly
important at the age of 16 to 20 years, after which the impact of peers seems to disappear8. This
work illustrates the importance of taking developmental periods into account when studying
the relationship between environmental adversities and antisocial behavior. Even though
environmental adversities have negative overall effects, the degree to which they affect
individual development differs.
5-HTTLPR and antisocial behavior
In addition to the influence of environmental risk factors, twin and adoption studies have shown
an important contribution of genetic factors to antisocial behavior with about 50% of the
individual differences in antisocial behavior being explained by genetic variation9–11. Together
with the MAOA and COMT gene, the serotonin transporter gene (SERT or 5-HTTLPR) is one
of the most widely studied genes in relation to the development of antisocial behavior. 5HTTLPR is a polymorphism of the serotonin transporter gene that has a long (L) or a short (S)
variant. The S variant has been found to affect the efficiency of the transcription rate of the
gene, thereby regulating the serotonergic availability in the brain12. Previous studies in monkeys
have shown that S-carriage of 5-HTTLPR leads to an altered neural stress and thread circuitry
as well as an increased hypothalamic–pituitary–adrenal (HPA) axis response to stress13,14. A
study in mice demonstrated increased vulnerability to psychosocial stress in heterozygous 5121

5

Chapter 5

HTT knockout mice15. Also human studies have reported the involvement of 5-HTTLPR in
mood and emotion regulation16. Despite the mixed findings in (generally) small samples, 5HTTLPR has been suggested as an important candidate gene influencing the development of
antisocial behavior. Recently however, Vassos et al. (2014)17 demonstrated the limitations of
candidate-gene studies with a systematic review of all published genetic association studies of
aggression and violence. Their meta-analysis did not find significant associations between any
candidate gene and aggression outcomes17. Regarding 5-HTTLPR, 19 studies were metaanalyzed, yielding a non-significant odds ratio of 0.90. Nevertheless, their meta-analysis did
not include gene-environment interactions, so it might be that moderation effects are missed
out since the interaction effects of these genes with the environment were not modeled.
Gene-environment interaction (GE) studies
Animal studies have reported individual differences in behavioral and biological responses to
environmental challenges. Suomi and others14 examined individual differences in resilience of
rhesus monkeys that were reared in different environments during infancy: with peers only (PO)
and with both mother and peers (MP). Their study revealed that rhesus monkeys carrying the S
variant of 5-HTTLPR only showed excessive aggression and other neurodevelopmental
impairments when they had been PO-reared, but not when they were MP-reared. Similarly,
another study in monkeys demonstrated that the S allele was associated with increased
reactivity to repeated, chronic stress, inclining a higher risk of developing affective
psychopathology18. In humans, a twin study found that the effect of maltreatment on conduct
problems was more severe in children at high genetic risk (i.e., having a co-twin with conduct
disorder), increasing the probability of conduct disorder with 24% compared to 2% at low
genetic risk19. Similarly, a twin study on antisocial behavior found higher estimates of
heritability in adolescents in socioeconomically more advantaged environments, compared to
adolescents in socioeconomically less advantaged environments, indicating a geneenvironment interaction20.
Scholars have suggested two distinct, but not mutually exclusive, theoretical frameworks when
interpreting these GE effects. The diathesis-stress model proposes that the impact of negative
life experiences on psychopathology depends on the individual’s pre-dispositional vulnerability
or diathesis21–23. An alternative explanation branching from the diathesis-stress model is the
differential susceptibility theory (DST) which advocates that, along with variation in
vulnerability to negative experiences, individuals also differ in their susceptibility to positive
environmental conditions24.
A landmark study by Caspi et al. (2003)25 reported that individuals possessing two S alleles of
5-HTTLPR, were most adversely affected by stressful life events, but in the absence of these
events, they showed the lowest scores on depression and suicidality. Even though these findings
fit within the DST framework, individual studies examining this interaction have shown
inconsistent effects. Moreover, meta-analyses have been inconclusive with two studies26,27
failing to support the original interaction, and one more inclusive meta-analysis finding support
for an interaction effect28. The latter study however, yielded liberal inclusion criteria
incorporating many indirect replications resulting in a higher risk of publication bias29.
Several studies in humans have examined the relationship between 5-HTTLPR, environmental
adversities and their effect on “antisocial behaviors”. Again, the findings of these candidate
gene-environment interaction studies have generally been inconclusive and are typically
characterized by underpowered samples29–31. Hence, the aim of the current study is to metaanalyze all reported studies in humans that investigated a 5-HTTLPRenvironmental
adversities interaction effect on antisocial behavior, to test for an overall effect. We defined
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environmental adversity as exposure to psychosocial risk factors associated with antisocial
conduct32, such as childhood maltreatment, lower family SES and delinquent peer affiliation.
Antisocial behavior was broadly defined and encompassed both reactive aggression as well as
instrumental forms of aggression, such as psychopathy. To assess the methodological quality
of the studies included in our meta-analysis, we performed a systematic review to guide the
interpretation of results in terms of potential for biases and sources of heterogeneity.

Materials and Methods
Literature search and selection strategy
A systematic literature search was performed to collect relevant studies. Two independent
researchers (JT, KB) conducted the search using four online databases (Google Scholar,
PubMed, Web of Science, and Psychinfo). We performed a search on the gene-environment
interaction between the serotonin transporter gene (“5-HTTLPR”, “5-HTT”, “serotonin
transporter gene”, SERT) and environmental adversity (“abuse”, “adverse childhood events”
(or “ACE”), “maltreatment”, “SES”, “socioeconomic status”, “environmental adversity”,
“parenting quality”, “peer behavior” and “peer network), on antisocial outcome measures
(“antisocial”, “aggression”, “conduct”, “criminal”, “delinquency”, “crime”). Studies were first
evaluated on their relevance based on title and abstract. Secondly, we checked for the presence
of an antisocial outcome measure, environmental adversity measure, and 5-HTTLPR measure
(for criteria, see Textbox I). In addition, we searched the reference lists of relevant papers to
find additional studies. Figure 5.1 reflects the flowchart of our search. Of the 17 potentially
suitable studies, nine did not meet our inclusion criteria and were excluded after full text
screening. No additional papers, based on reference lists, were identified. Thus, the search
resulted in the inclusion of eight suitable studies.
Inclusion
• Antisocial outcome measure
• Environmental adversity measure
• 5-HTTLPR measure
• Association test of interaction between ‘short-long’ 5-HTTLPR variant and
environmental adversity on antisocial outcome measure
Exclusion
• Subjects with severe handicaps
• Medical intervention studies
• Focus on comorbidity with a particular disorder (e.g., ADHD, anxiety)













Textbox I. Inclusion and exclusion criteria for meta-analysis

Quality assessment
To evaluate the methodological quality of the included studies we used a short version of the
quality assessment as proposed by Hayden et al. (2006)33 including the items as shown in
Textbox II. Every item was rated positive (+), average (+ -), or negative (-), by two
independent researchers (JJT, KB). In case of disagreement, an additional third researcher
(TJCP) rated that particular study. Studies were ranked based on the total sum score of all items,
with “+” being one point, “+-” being a half point, and “-” being zero points. In line with previous
studies, we did not weigh studies in the meta-analysis by their quality scores. However, to test
whether low scoring studies affected our results, we repeated the overall meta-analysis utilizing
a descending and ascending step-wise removal of the studies based on their quality score34.
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Study Participation
(1) Clear description of the key characteristics of the study population
(distribution by age, gender and ethnicity).
(2) The sampling frame and recruitment are described, including
characteristics of the place of recruitment and response rate.
(3) Inclusion and exclusion criteria are described.
Measures
(4) A clear definition of the measure of antisocial behavior and environmental
adversity is provided.
(5) The measure of antisocial behavior and environmental adversity is
adequately valid to limit misclassification (Includes when applicable: report
of the reliability of the assessment).
Covariates
(6) Age and gender are accounted for in the analysis.
(7) IQ or SES or Race are accounted for in the analysis.
(8) Covariate interaction terms are accounted for in the analysis.
Textbox II. Items of Quality Assessment, as derived from Hayden et al. (2006)

Descriptives
Data from the eight studies that met criteria for inclusion were extracted and summarized in
Table 5.1, based on the design of Munafo et al. (2009)26. Briefly, we provide the characteristics
of all samples, as well as study designs, measurements, interaction and statistical models.
Meta-analysis method
The literature search for this study resulted in eight eligible studies, comprising of 12 reasonably
independent samples. The low number of studies found in the literature search motivated the
combination of the non-independent samples; and this concerns seven of the included samples
from three of the studies. In these cases, the extracted analyses were non-independent analyses
divided per-sex or per-ethnicity from the same population. The present meta-analysis includes
studies with a variety of designs (e.g. some being case-control studies, others being extremegroup sampling), statistical models (e.g. count data, logistic regression and factor analysis) and
subtypes of analyses (e.g. within-sex and pooled-sex analysis). In addition, the degree of scaling
regarding both the phenotype and the genotype varies across studies. These different sources
of between-study variability raise an important issue regarding the assumption of heterogeneity
of the effect sizes available for meta-analysis35. Study heterogeneity introduces difficulties of
drawing a directional conclusion based on the overall meta-analysis result and this is further
discussed in the Supplementary Material. Furthermore, only five out of the 12 samples
included sufficient information on the effect size and within-study error variance for the
parameter estimate to be converted into a common effect-size metric and perform a randomeffects meta-analysis36. Based on these issues we performed a meta-analysis on the level of
significance, i.e. the P values, rather than the effect sizes. The motivation for this approach and
potential issues when trying to draw a directional conclusion are further discussed in the
Supplementary Material.
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P value extraction
All of the included samples employed two-tailed, and hence non-directional tests of parameter
significance; this is displayed in Table 5.3. The Supplementary Material explains in depth
how we extracted and converted P values from the different non-directional tests of parameter
significance into harmonized Z statistics. In summary, relevant P values were first
independently extracted from the samples by three investigators (JT, KB & RKL), and any
inconsistencies were settled by discussion. Secondly, the estimated direction of effect was
harmonized over the studies to make sure that the variable coding of the effect allele, the coding
of the environmental variable and the coding of the outcome measure had the same direction of
effect in all studies. This is explained in depth in the Supplementary Material, and the result
of this harmonization is shown in Table 5.3, column “Harmonized direction of GE” and
column “Harmonized Z statistic”. Further, the meta-analysis was performed following the often
employed methodology of combining significance levels referred to here as the non-weighted
Stouffer’s method and the weighted Liptak-Stouffer’s method described in e.g., refs. 37–39. In
summary, all extracted two-tailed P values were harmonized into Z statistics that all have the
same direction of effect in terms of the effect allele, the environmental adversity, and the
outcome measure of antisocial behavior.
Stouffer’s method and the weighted Liptak-Stouffer’s method
The meta-analysis was first performed on the Z-transformed P values employing the nonweighted Stouffer’s method implemented in the following way
ASNTGGFQ \

JH<9 H

$
where k is the number of included Z statistics. This combined metric tests the null hypothesis
of no effect in all samples and each sample is assigned the same weight (Borenstein, 2009, p.
328; Becker, 1994, p. 218-219)35,40. Positive and negative z-statistics cancel out, so that the
combined metric can be seen as a reasonable approximation of an average effect size under the
assumption that all transformed P values are derived from the same parameter estimate, as
discussed in the Supplementary Material. A clear caveat of the method is that no difference
in weight is given to the studies based on their measure of precision. At the same time, the P
value for a given effect size is a function of sample size, and hence the metric doesincorporate
information on the precision of a study (Becker, 1994, p. 227)35.
Even though the non-weighted Stouffer’s method includes information of per-sample precision
via the P value, we also performed a meta-analysis with the weighted Liptak-Stouffer’s method.
This was carried out on the Z-transformed P values in the following way
?HOSBJ;ASNTGGFQ \

JH<9 ,H H
`JH<9 ,H:

where
,H \ _FGGH
where FGGH is the effective sample-size of study " which is the full sample size except in the
case of a sample being of case-control design. In these cases, the effective sample-size was
calculated according to Willer et al. (2010)39 and rounded to closest integer.
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If the effective sample-size would be the same in all samples, then ?HOSBJ;ASNTGGFQ converges
into ASNTGGFQ (Whitlock, 2005, p. 1369)38. We chose not to perform the meta-analysis with the
Fisher’s combined probability test, often referred to as “the sum of logs method”, since there is
a bias towards low compared to high P values with this method, as explained in Whitlock
(2005)38. Two-tailed P values of the overall Z statistic from the non-weighted Stouffer’s method
and the weighted Liptak-Stouffer’s method were calculated as  \ d[e, as in Stock and
Watson (2012)41.
Environmental adversity and sex specific meta-analysis
To perform stratified analyses, we divided the samples into two subsets: adverse childhood
environment (n = 8) as well as SES and peer rejection (n = 4). Furthermore, we conducted both
pooled-sex and within-sex analyses. Since all stratified analyses include a low number of
samples, i.e. ^ , possible outliers might drive these subset analyses.
Robustness checks
As a robustness check we tested the impact of each study on the overall significance by
removing them individually from the analysis. Additionally, we analyzed two subsets where
only studies with an effective sample-size above the median or the average were included. All
robustness checks were performed using the ?HOSBJ;ASNTGGFQ meta-analytic procedure, in order
to control for extreme values from small samples given the low number of available studies.
There is a possibility that the overall meta-analysis result is driven by false-positive findings in
samples with small sample size, this is referred to as the small-study effect (Borenstein et al.,
2009, p. 291)42. We therefore reran the meta-analysis while excluding samples with an effective
sample-size lower than the average effective sample-size (+ )! FGG \ ) or lower than
the median effective sample-size (& "'FGG \ ) and observed the effect on the overall
P value. Moreover, through step-wise removal of studies with the smallest sample size, we
tested the number of studies that could be removed before the overall P value would change to
non-significant (i.e., two-tailed P value > 0.05 for the weighted Liptak-Stouffer method). We
also performed both descending and ascending step-wise removal of the studies according to
their rated quality score, as explained in section Quality Assessment.
P-curve
As an additional robustness check we utilized the meta-analytical procedure, the P-curve as
recently introduced by Simonsohn, Nelson, & Simmons (2014)43 (see Supplementary
Material for a detailed description of this method). We employed the P-curve in comparison
with the non-weighted Stouffer’s method and the weighted Liptak-Stouffer’s since these
methods rely on the availability of null results in the published body of literature. However, if
null results are missing from the published body of literature because of publication bias then
the results of the Stouffer’s and Liptak-Stouffer’s methods are biased towards showing a larger
average effect than if the non-published null results would have been included44. We utilized
two P-curves, the first testing the hypothesis of a positive interaction effect between the S
variant and environmental adversity on antisocial behavior by including the subset of the twotailed statistically P values from significant estimates with a positive interaction effect, which
were then divided by two. The second P-curve tests the two-sided hypothesis of an interaction
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effect that can take both positive and negative values in the terms of the S variant and this was
performed on all of the statistically significant two-tailed P values in our sample.
Since the publication of this study, the reliability of the P-curve for analyses of nonexperimental data has been criticized (Bruns & Ioannidis, 2016)67.
Rosenthal’s failsafe N
The potential for publication bias was further assessed through calculation of a failsafe number
@
(GR ) using the formula GR \ WV d8 8: [ D: e, where 8 is the total number of samples in the
UX

meta-analysis, D is the two-tailed critical value of  with a type I error rate, - \  , and 8
is either the ASNTGGFQ or the ?HOSBJ;ASNTGGFQ obtained for the total sample45. The fail-safe N,
first described by46, is the number of additional “negative” statistical analyses (yielding an
average Z-statistic of zero) that would need to be added to our meta-analysis to make the
combined effect size statistically non-significant. Noteworthy, this method of publication-bias
testing is heavily criticized in the recent publication bias literature regarding issues of
interpretability under heterogeneity of included samples, the lack of underlying statistical
model and therefore varying results depending on which version of the test is employed. For
further discussion, we refer the interested reader to Becker (2005)47 and Borenstein et al., (2009,
p. 284-285)42. Based on their discussion, we interpret the results from this publication-bias
testing moderately. Nonetheless, we chose to test for publication bias with this method because
most other common publication-bias testing procedures require effect sizes and are thus beyond
the scope of this paper (Rothstein et al., 2005)48 because most of the included studies do not
report these metrics.

Results
Quality assessment
Table 5.2 displays the methodological quality of the studies included in our meta-analysis,
listed in descending order. Importantly, none of the studies attained the highest possible quality
score and they all failed to control for the mandatory covariategene and
covariateenvironment interaction terms that are required for unambiguous interpretation of
the estimated interaction effect49.
Overall meta-analysis
The meta-analysis was performed over 12 samples, most of which were independent, adding
up to an effective sample-size of 6,724 subjects (Table 5.3). Analyses were conducted using
the non-weighted Stouffer as well as the weighted Liptak-Stouffer method, however we
generally restrict the report to the weighted Liptak-Stouffer method unless there is discordance
between the methods. We found support for an interaction effect of the 5-HTTLPR genotype
and environmental adversities on antisocial outcomes, with a P value of the non-weighted
Stouffer method equal to 0.0029 and the weighted Liptak-Stouffer P value of 0.0006 (Figure
5.2 and Table 5.4).
In the Supplementary Material we discuss the restrictions regarding directional inference
based on our meta-analytical approach. Since directional conclusions are to be avoided, our
results point toward a significant, non-zero interaction effect in at least one of the included
samples. Thus, the meta-analysis supports the alternative hypothesis that there is an interaction
effect between the 5-HTTPLR gene region and environmental adversities on antisocial
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behavior, however the interpretation concerning which allele does actually increases sensitivity
remains ambiguous. This is further illustrated by the analysis in ref. 50 which estimated a ushaped relationship with regards to the homozygotes.
Environmental adversity and sex specific meta-analysis
The weighted Liptak-Stouffer P value became less significant when focusing exclusively on
the subset of eight samples that used adverse childhood environment as more specific parameter
(P value = 0.020), and the choice of meta-analytic procedure gave noticeably different results
when compared to the non-weighted Stouffer P value (p-value = 0.0017). However, both
methods still resulted in statistical significance and the number of samples in the subset was
relatively low. Outliers with below-average sample size such as the female African American
sample of Douglas et al., 201151 (Z statistic = 5.00, n = 112), could therefore explain the
difference in results between the methods. When focusing on the samples with SES and peer
affiliation as the environmental adversity, the two-tailed Liptak-Stouffer P value became nonsignificant (P value = 0.055) and the two-tailed non-weighted Stouffer P value became very
non-significant (P value = 0.47). In this case the weights given to the two large samples with
positive effect, i.e. Aslund et al. (2013)52, and Kretschmer et al. (2014)53 clearly affects the
results towards statistical significance, even though both methods gave non-significant results. 
In the meta-analyses stratified by sex, we analyzed the combined male-female samples and the
exclusive male and female samples separately. The pooled sex meta-analysis included six
samples and the Liptak-Stouffer P value was significant (P value = 0.0085), however the nonweighted Stouffer P value was non-significant (P value = 0.063). The sex-specific analyses
both comprised of three samples and the analysis revealed a significant overall effect for
females (Liptak-Stouffer P value = 0.032, Stouffer P value = 0.0019) but a non-significant
interaction effect for males (Liptak-Stouffer P value = 0.27, Stouffer P value = 0.45).
Robustness checks
The robustness check showed that the results were robust against the removal of each sample
individually, as the meta-analytic two-tailed Liptak-Stouffer P value did not change to being
non-significant (i.e. P value > 0.05). The result of this robustness check is displayed in Table
IV. However, when removing Aslund et al. (2013)52, then the two-tailed Liptak-Stouffer P
value changed to be marginally significant, i.e. in the range of 0.01–0.05. This shows that the
overall result is sensitive to the exclusion of either large samples or samples with large effects
such as Aslund et al. (2013) dH \   FGG \  e.
After exclusion of the seven samples with lower than average effective sample-size the overall
Liptak-Stouffer P value remained significant (P value < 0.0001). Likewise, after exclusion of
the six samples with lower than median effective sample-size the overall Liptak-Stouffer P
value remained significant (P value ] 0.0001). Similarly, a step-wise removal of the studies
with the smallest sample size revealed that the 10 smallest of the 12 samples could be removed
before the overall two-tailed Liptak-Stouffer P value would change to non-significance (P value
> 0.05).
Step-wise removal of the samples based on the quality assessment score showed that the results
might be driven by the studies with the lowest quality. When we first removed the samples with
lowest quality the overall weighted Liptak-Stouffer P value remained significant until only the
two highest rated studies remained, i.e. Sadeh et al. (2012)54 and Cicchetti et al. (2012)55 with
a tied quality score of seven. When only these two studies remained the Liptak-Stouffer P value
equals 0.1499. When reversing the step-wise removal, starting with the highest quality studies
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first, the Liptak-Stouffer P value stayed significant until only the three studies with the lowest
quality remained. We however emphasize that the low overall number of samples in our study
makes all analyses based on exclusions very sensitive to outliers in our study.
P-curve
The result from the P-curve method regarding the P values with a positive direction of effect
in terms of the S variant supported the conclusions of the other meta-analytical methods above.
The right-skew P value (i.e. test for evidential value) for this subset of P values was <0.0001,
see Figure 5.3 P-curve – positive direction of effect. When testing the two-tailed P values the
right-skew P value was <0.0001, see Figure 5.4 P-curve – positive and negative direction of
effect. The conclusion from the P-curve method is therefore in support of the above metaanalysis results, while at the same time avoiding assumptions regarding missing studies in our
sample. Since both P-curves showed statistically significant signs of evidential value, we did
not test if the observed distributions were flatter than what would be expected at a power of
33%. The results from the left-skew test of the P-curve (i.e. testing for signs of possible Phacking) showed that neither of the P-curves were evident of possible P-hacking (both leftskew P values > 0.99).

Rosenthal’s failsafe N
The Rosenthal’s failsafe GR of 424.7 for the Liptak-Stouffer method indicated that a ratio of
35 (] 424.7 / 12) unpublished or undiscovered statistical tests with an average effect of zero
(two-tailed P value = 1) and average effective sample-size (FGG = 560) would be needed per
included test in our analysis to make the Liptak-Stouffer P value non-significant. The GR for
the Stouffer method resulted in an approximate ratio of 27 (] 321.4 / 12) and was hence in
concordance with the GR for the Liptak-Stouffer method.

Discussion
To circumvent the issue of statistical power typical for single GE studies, we conducted the
first meta-analysis summarizing the results of individual studies that examined the potential
interaction effect between 5-HTTLPR and environmental adversity on the level of antisocial
behavior. Despite the overall significant interaction effect found in this study, the results should
be interpreted in the light of some important limitations. First, the use of the meta-analytical
methods based on pooled P values limits the interpretation in terms of direction of the effect.
Therefore, our analyses cannot demonstrate whether the significant interaction effect is driven
by the S or L allele or a combination of both. Scholars have argued that significance of the
Liptak-Stouffer test merely indicates that the GE interaction is statistically different from zero
in at least one of the included studies37,56. Therefore, once well-powered direct replication
studies, employing hierarchical regression designs and reporting effect sizes, become available,
more informative meta-analyses utilizing common effect-size metrics could further examine
these results. Secondly, and most importantly, the moderate quality of the individual studies,
and specifically the heterogeneity of their different tests and statistics undermines the reliability
of our meta-analytical findings.
An important methodological shortcoming in most GE studies is insufficient inclusion of
potential confounding effects of covariates on the GE interaction term. Even though most of
the studies in our meta-analysis included confounding variables such as ethnicity, gender, age

129

5

Chapter 5

in the regression equation to control for these covariates on the main effects of genotype and
environment, they did not control for the effects of the covariates on the GE interaction.
Controlling for covariate interaction terms in the full model is preferred and yields more power
than creating subsets of data based on the covariate and then examining the GE term.
Therefore, it is essential to include all relevant covariategene and covariateenvironment
interactions in the same model that tests the GE term in order to properly control for the
confounding effects of covariates49. Thus, GE studies that improperly model covariates do
not rule out alternative explanations for their findings.
Next, most studies included in our meta-analysis utilize ethnically heterogeneous samples
(Table 5.1) and since allele frequencies of the 5-HTTLPR polymorphism differ across
ethnicities, stratification could be a potential confounding variable as an ethnicity-byenvironment interaction offers an alternative explanation for the reported GE effect49,57. None
of the studies corrected for population structure at the genetic level, as genome-wide data were
not available in these samples at the time of analysis. Besides cross-ethnic differences in allele
frequencies, a study by Willams et al. (2003)58 also demonstrated differential effects of 5HTTLPR on central nervous system serotonin function, with the short allele being associated
with higher CSF 5-HIAA levels in African Americans, but lower levels in Caucasians. These
differential effects across ethnicity of 5-HTTLPR on central nervous system serotonin function,
could explain why the study of Douglas et al. (2011)51 found a significant interaction effect in
the African Americans but not in the European Americans (see Table 5.3). Hence, the use of
admixed samples in the present study confines the validity and generalizability of our results
and emphasizes the need of future GE studies to employ ethnically homogenous samples or
correct for population structure by using genome-wide data. The above concerns are supported
by our systematic review and quality assessment revealing that all of the studies included had
methodological shortcomings, such as absence or improper controlling for covariates. Lastly,
given the heterogeneity in the type of measures, design, sex and age range across studies, the
studies cannot be considered as direct replication attempts testing the same underlying
hypothesis, necessitating further caution in the interpretation and generalization of the results59.
Although the interpretation of our findings requires carefulness in the light of the
aforementioned limitations, they are in line with previous animal studies showing a
differentiated reactivity to environmental stressors between S and L carriers of 5-HTTLPR14,60.
The interaction effect on antisocial behavior found in this study offers several possible routes
of explanation. An explanation is that L carriers of 5-HTTLPR are somehow more resilient to
environmental adversity than S carriers. This hypothesis is particularly interesting in view of
research suggesting that the L allele might be a potential risk factor for psychopathy61.
Psychopathy is associated with the more instrumental type of aggression and may have a
different underlying etiology than reactive aggression62. Therefore, the L allele of 5-HTTLPR,
which is linked with hypo-responsivity to environmental factors, may thus predispose to
instrumental aggression, whereas the S allele, associated with hyper-responsivity to the
environment, may predispose to reactive aggression61. The study of Sadeh et al. (2010)63,
included in our meta-analysis, supports this line of reasoning. They reported a significant
interaction between the L allele and callous-unemotional and narcissistic features of
psychopathy in the presence of environmental adversity. This might explain why we did not
find evidence for a directional effect in our meta-analysis, since we employed a broadly
conceptualized outcome measure that included psychopathy.
Moreover, due to the liberal inclusion criteria because of the small number of studies identified
in the literature, the meta-analysis comprises both population-based and clinical samples, which
differ in severity and may thus have distinct neurobiological underpinnings. An alternative
explanation for the interaction effect would be that a positive environment (i.e. secure
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attachment relationships), somehow protects S or L carriers for their increased risk on
developmental problems. Thus far, GE research has predominantly focused on the genetic
vulnerability towards negative environmental factors, such as maltreatment or harsh parenting.
However, in potential, those individuals who are more malleable through their increased genetic
plasticity, could also be more receptive to treatment and may benefit more from positive
environments64. To what extent significant GE effects fit into the framework of differential
susceptibility or diathesis-stress remains to be understood as it cannot be inferred from the
current meta-analysis whether the 5-HTTLPR polymorphism resembles the characteristics of a
differential susceptibility or risk gene. Further research in the exact etiological mechanisms
underlying these differences in susceptibility or genetic risk is warranted, as more insights into
the gene-environment interplay could improve prevention programs and could potentially lead
to more tailored-based treatment65. Cohen & Piquero (2009)65 estimated that preventing a highrisk youth from developing a criminal career could save society $2.6 million to $4.4 million.
By increasing our knowledge on the etiological risk factors contributing to antisocial
development, we could reduce the societal and financial burden of antisocial behavior.
Concerning the external validity, since our meta-analysis result is mainly based on studies that
used adverse childhood environment as a source of environmental adversity (five out of eight
studies), it is too early to conclude that the impact of other environmental factors, such as SES
or peer affiliation is dependent on the 5-HTTLPR genotype. It is thus important to further
examine the relative contribution of specific environmental stressors in the GE interaction
model on antisocial behavior. A recent study that made use of genome-wide meta-analysis
results from the Psychiatric Genomics Consortium showed that the effect of polygenic risk
scores on depression was increased in the presence of childhood trauma66. Using the same
approach, future research should examine whether individuals with high polygenic
vulnerability exposed to childhood environmental adversity are particularly at risk for
developing antisocial behavior.
To conclude, taking advantage of the rapid technological advancements in the field of
genomics, including the rise of genome-wide data and polygenic risk score analysis, future
studies should focus on how a broader polygenic profile interacts with environmental adversity
factors to achieve a more sophisticated understanding of how biosocial interactions impact on
antisocial development. Naturally, these polygenic studies should acknowledge the statistical
issues accompanying GE research, and properly control for potential confounders using wellpowered study designs.
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Figure 5.1. Flowchart of study selection.
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5

Figure 5.2. Forest plot – Harmonized z-statistics and meta-analysis estimates. Forest plot
of the harmonized z-statistics, as well as the overall Stouffer and Liptak-Stouffer z-statistics.
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Figure 5.3. P-curve – positive direction of effect. P-curve testing the one-tailed hypothesis of
a positive effect in terms of the S allele by including the subset of two-tailed statistically
significant P-values from estimates with a positive interaction effect divided by two.

Figure 5.4. P-curve - positive and negative direction of effect. P-curve testing the two-tailed
hypothesis of a positive or negative effect in terms of the S allele by including all of the
statistically significant two-tailed P-values in our sample.
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T1: M=11.1

M=15.7 (12-20)

Violent group
(N=72, M=32.1 ±
12.1)
Non-violent group
(112, M=35.4 ±
11.3)
M= 14.3, SD=1.5

58.9

Not
stated

48.0

100

42.0

Cross-sectional - Subjects
dependent on alcohol, cocaine
or opioids at 4 sites

Longitudinal -Prospective
cohort Dutch adolescentsTracking
Adolescents’ Individual Lives
Survey (TRAILS)
Cross-sectional - National
Longitudinal Study of
Adolescent Health - random
sample of youth from US
high schools

Cross-sectional - Volunteers
in forensic examination to the
Institute of Forensic
Psychiatry of the University
of the Saarland for evaluation
of legal responsibility or risk
assessment
Cross-sectional - Youth from
treatment or legal agencies
and general community

Douglas et
al. 2011

Kretschmer
et al. 2014

Reif et al.
2007

Sadeh et al.
2010

Li et al.
2010

European
American/African
American
M= 38.2/41.0 (3742)

49.8

Cross-sectional - Children
participating in summer camp
research programme for
school-aged low-income
children

Cicchetti et
al. 2012

M= 11.3 (10-12)

51.3

Cross-sectional - Survey of
Adolescent Life Vestmanland

Aslund et
al. 2013

Mean Age (M),
Age Range or SD
17-18

% Male

Sampling

Study

Mixed

Caucasian

184

118

Mixed

Mixed

European
American
and
African
American

Mixed

Mixed

Ancestry

2488

1118

1381

627

Total
N
1467

Table 5.1 | Baseline characteristics of all included studies

20-item self-report
Antisocial Process
Screening Device-

Subjects assigned to a
violent or nonviolent
group by experts

In-home interview on
frequency of 7 overt
ASB items, converted to
summed score

31 items of ASBQ at T1

44-item SSADDA,
specific ASPD criteria;
dichotomous score

Pittsburgh Youth Survey
self-report; Peer ratings;
teacher report form

Antisocial Measure &
Design
Sum score based on 15item delinquency scale

Grouping:
Genotype
SS vs LS vs
LL

SS vs LS vs
LL

SS vs LS vs
LL

SS vs LS vs
LL

SS vs SL vs
LL

S/S and S/L vs.
L/L

LL vs. SL vs.
SS

Environmental
adversity (EA)
SES, 7-point Likert
scale; divided in low,
medium and high SES

MCS based on DHS
records (physical abuse,
neglect, emotional
maltreatment)

ACE (violent crime,
exposure, sexual abuse,
physical abuse)
Ordinal score 0-3

Peer rejection &
acceptance; nomination
assessment

Retrospective
In-home interview on
maltreatment (neglect,
physical abuse, sexual
abuse)
Childhood Adverse
Environmental Indexmean score calculated 02

Family income level
(three categories) and
occupation (coded 1-7)

Hierarchical linear
regression

Stepwise logistic
regression

Latent class
multinomial
logistic regression

Regression models

Logistic
generalized
estimating
equations
regression

ANCOVA

General linear
model

Statistical Model
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5

140

Cross-sectional - Selected on
high rates of antisocial
behaviour and high
psychosocial adversity.
Recruited via
probation/parole agencies,
county jail, and mandated
treatment centers, as well as
via newspaper
advertisements targeting
individuals with legal
convictions

100

M=30.9 (18-61)

237

Mixed

Psychopathy Checklist:
Screening Version Composite score of twofactor and
three-factor model

Callous-Unemotional;
narcissism; impulsivity

Childhood abuse, CTQ
Composite scale,
continuous

SS vs. LL

Hierarchical
regression analyses

Note: ACE: adverse childhood events; ASB: antisocial behaviour; ASBQ: antisocial behaviour questionnaire, ASPD: antisocial personality
disorder; CTQ: Childhood trauma questionnaire; DHS: department of human services; M: mean; MCS: maltreatment classification; SES: social
economic status; SSADDA: Semi-structured Assessment for Drug Dependence and Alcoholism.

Sadeh et al.
2012

recruited via agency referrals,
newspaper advertisement and
posted flyers
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Table 5.2 | Quality assessment results of included studies
Domain Criterion
Cichetti et al., 2012
Sadeh et al., 2012
Aslund et al., 2013
Li et al., 2010
Sadeh et al., 2010
Douglas et al., 2011
Reif et al., 2007
Kretschmer et al.,
2014

A
+
+
+/+
+
+
+
+/-

B
+
+
+
+
+
+
+
+/-

C
+
+
+
+/+
-

D
+
+
+
+
+
+
+/+

E
+
+
+
+/+
+
+

F
+
+
+
+
+
+
+
+/-

G
+
+
+
+
+
+/+
-

H
-

Total
7
7
6.5
6
6
5.5
5.5
3.5

Note: A: Clear description of the key characteristics of the study population. B: The sampling
frame and recruitment are described. C: Inclusion and exclusion criteria are described. D: Clear
definition of the measure of antisocial behavior and EA is provided. E: The measure
of antisocial behavior and EA is adequately valid to limit misclassification. F: Age and gender
are accounted for in the analysis. G: IQ or SES or Race are accounted for in the analysis. H:
Covariate interaction terms are accounted for in the analysis.
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142

t

752, M, Mixed

627, M/F, Mixed

315, M/F, EA

112, F, AA

261, M, AA

1118, M/F, Mixed

1294, F, Mixed

1194, M, Mixed

172, M/F, Caucasian

178, M/F, Mixed

237, M/F, Mixed

Cicchetti et al., 2012

Douglas et al., 2011

Douglas et al., 2011

Douglas et al., 2011

Kretschmer et al., 2014

Li et al., 2010

Li et al., 2010

Reif et al., 2007

Sadeh et al., 2010

Sadeh et al., 2012

NA

L

L

L

L

L

S

S

S

NA

NA

NA

Effective sample-size calculated as reported in methods section.

464, F, Mixed

statistical test

Aslund et al., 2013

Effect allele in

Effective Nt, Sex,

Ethnicity

Aslund et al., 2013

Study, Year

Reported p-

0.011
0.023
0.31

Logit Beta = -1.65, SE = 0.65
Linear regression Beta = 0.16
Linear regression t-statistic = 1.02

<0.05
0.62

Log-linear Beta = 0.37, SE = 0.76

0.019

<0.001

<0.001

0.5

0.02

0.001

0.065

value

Log-linear Beta = 1.82, SE = 0.82

from correspondence with author]

Standardized beta = 0.021 [Table 4, and p-value

OR in Table 6, p. 20]

Logit beta = 1.0296, SE = 0.3083 [Calculated from

OR in Table 6, p. 20]

Logit beta = 1.8181, SE = 0.3422. [Calculated from

Chi-square statistic = 1.4, df = 2

F(2, 586) = 3.91

F(2,689) = 6.67

F(2, 661) = 2.74

Extracted test statistic of the GxE interaction

Table 5.3 continues on next page.

CTQ Childhood abuse

Socio-economic status

Childhood adverse environment

Maltreatment

Maltreatment

Peer rejection

Adverse Childhood events

Adverse Childhood events

Adverse Childhood events

Maltreatment

Socio-economic status

Socio-economic status

Environmental adversity measure

Table 5.3 | Extracted and harmonized values of the meta-analysis sample, in total 12 samples derived from eight studies
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Not significant (L decreases ASB in EA when interacted with E [Table 5,

L increases ASB in AA males when interacted with E. [Table 6, p. 20]

L decreases ASB when interacted with E [Table 4, p. 205]

L decreases ASB in females when interacted with E [p. 795]

Not significant (L decreases ASB in males when interacted with E) [p.

Douglas et al., 2011

Kretschmer et al., 2014

Li et al., 2010

Li et al., 2010

G x E (S variant)

Negative

Negative

Positive

Positive

Positive

Positive

Negative

Positive

Positive

Positive

Positive

Negative

5.0064
-3.3016
2.3455
2.2170
0.4867

<0.0001
0.0010
0.01904
0.0266
0.6265

0.3088

u
Positive indicates greater sensitivity among S variant 5-HTTLPR subjects to environmental adversity, as presented in the original study report. Negative indicates a greater sensitivity among L
variant 5-HTTLPR subjects to environmental adversity. For further discussion of the extraction and calculation of the harmonized z-statistics, see methods section.
v
The values displayed in the table are rounded; exact p-values were provided in all calculations and analyses.
w
Study does not report the required information in order to calculate an exact p-value; hence the reported p-value is included in the meta-analysis.

-1.0178

2.5115

0.6799

0.4966

-2.2734

2.3159

0.0206

0.0120

3.2047

0.0014

0.0230w

-1.8432

0.0653

value

z-statistic2

v

two-tailed p-

u

direction of

Table 5.3 cont.
Harmonized

Calculated

Harmonized

Note: AA: African Americans; ASB: Antisocial Behavior; EA: European Americans; F: Female; M: Male; NA: Not Available

Not significant (L increases ASB when interacted with E) [p. 7]

however SES reverse coded [p. 6]

LL decreases ASB when interacted with E, which SL and SS does not,

Sadeh et al., 2010

Sadeh et al., 2012

L decreases ASB when interacted with E [p. 2379]

Reif et al., 2007

795]

L decreases ASB in AA females when interacted with E. [Table 6, p. 20]

Douglas et al., 2011

p. 19]

L decreases ASB when interacted with E [Fig 8. p. 920]

Douglas et al., 2011

coded [p. 59; Fig. 2, p. 58]

L increases ASB in males when interacted with E, however SES reverse

coded [p. 59; Fig. 2, p. 58]

L decreases ASB in females when interacted with E, however SES reverse

Direction of interaction effect [Reference to original study]

Cicchetti et al., 2012

Aslund et al., 2013

Aslund et al., 2013

Study, Year
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Table 5.4 | Results of Stouffer’s z meta-analysis
Study, Year

Aslund et al., 2013
Aslund et al., 2013
Cicchetti et al., 2012
Douglas et al., 2011
Douglas et al., 2011
Douglas et al., 2011
Kretschmer et al., 2014
Li et al., 2010
Li et al., 2010
Reif et al., 2007
Sadeh et al., 2010
Sadeh et al., 2012

Effective
sample-size,
sex,
ethnicity
464 F
752 M
627 M/F
315 M/F, EA
112 F, AA
261 M, AA
1118 M/F
1294 F
1194 M
172 M/F
178 M/F
237 M/F

Direction
of effect*

Harmonized
z-statistic

Negative
Positive
Positive
Positive
Positive
Negative
Positive
Positive
Positive

-1.8432
3.2047
2.3159
0.6799
5.0064
-3.3016
2.3455
2.2170
0.4867
2.5115
-2.2734
-1.0178

Positive

Negative
Negative

Two-tailed p-value of
weighted Liptak-Stouffer
z-statistic after Study
Exclusion
<0.0001
0.0130
0.0045
0.0008
0.0053
<0.0001
0.0071
0.0066
0.0004
0.0023
0.0001
0.0002

Overall two-tailed p-value 0.0006
of weighted LiptakStouffer
Note: F: female; M: male; EA: European Americans; AA: African Americans
*
Positive indicates greater sensitivity among S variant 5-HTTLPR subjects to environmental adversity,
as presented in the original study report. Negative indicates a greater sensitivity among L variant 5HTTLPR subjects to environmental adversity. For further discussion of the extraction and calculation of
the Harmonized z-statistic, see methods section and Supplementary Materials III) Transformation of
p-values into a common z-statistic.
Total effective sample
size
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Discussion and conclusion

“Life should not be a journey to the grave with the intention of arriving safely in a
pretty and well preserved body, but rather to skid in broadside in a cloud of smoke,
thoroughly used up, totally worn out, and loudly proclaiming “Wow! What a Ride!”
Hunter S. Thompson

“My supervisor once told me that the only good thesis is a ﬁnished thesis.”
Philipp D. Koellinger

Chapter 6

In this sixth and final chapter, I first discuss how selected results answer the main research
questions and relate to the previous literature. Thereafter, I conclude the thesis and discuss some
study limitations. Finally, the thesis is abbreviated in a general summary.
1. a. Do GWAS in hundreds of thousands of individuals identify robustly associated
SNPs with the main phenotypes studied in Chapters 2–3?
The genome-wide association analyses identified a varying number of SNPs associated with
the main phenotypes studied in Chapters 2–3. It was expected that the number of identified
associations would depend strongly on sample size. The analyses of subjective well-being,
depressive symptoms, and neuroticism are the smallest of the main GWAS, performed in
298,420, 161,460, and 170,911 individuals, respectively. Upon publication, while these were
the largest GWAS reported for these traits1 the sample sizes were only sufficient to identify a
handful genome-wide significant associations. We found three approximately independent
“lead SNPs” associated with subjective well-being, two with depressive symptoms, and 11 with
neuroticism (Table 3.1).
It is possible that the association signal was attenuated by suboptimal phenotypic measurement
and overlap, as well as imperfect genetic correlations, across the 59 study cohorts included in
the meta-analysis of subjective well-being. In contrary, the meta-analyses of depressive
symptoms and neuroticism included only two to three study cohorts, which may explain the
similar number of hits, while those GWAS were much smaller. We estimated the SNP
heritability of neuroticism to be about twice that of subjective well-being and depressive
symptom, 9.1% versus 4–4.7%, which likely explains why the number of associations is the
largest for neuroticism. Nonetheless, the identified lead SNPs are among the first genome-wide
significant associations reported for these traits2,3, and the findings could be considered a small
first step in the effort to identify the genetic variants responsible for their missing heritability.
In Chapter 2, the GWAS identified a much larger number of lead SNPs; 124 with general risk
tolerance, 167 with adventurousness, 42 with automobile speeding propensity, 85 with drinks
per week, 223 with ever smoker, 117 with number of sexual partners, and 106 with the first PC
of the four risky behaviors (Supplementary Materials). A few previously reported
associations are corroborated by the findings, while the vast majority of the identified
associations are novel. The analysis of general risk tolerance is the largest of the GWAS, which
included 939,908 individuals, and the six supplementary GWAS included 315,894 to 557,923
individuals. Compared to Chapter 3, larger sample size is an obvious explanation of the much
greater number of identified lead SNPs. However, two additional explanations deserve to be
mentioned.
First, most of the GWAS in Chapter 2 were either performed in a single large and relatively
homogenous cohort, the UKB, or as a meta-analysis of two large and relatively homogenous
cohorts (the UKB and the 23andMe cohort). Therefore, it is likely that there was less attenuation
because of phenotypic heterogeneity and imperfect genetic correlation. Second, the GWAS in
Chapter 2 were performed with a recently developed method and software with which it is
possible to perform computationally tractable GWAS with linear mixed models in large genetic
datasets4,5. Importantly, GWAS performed with linear mixed models have increased power to
detect genetic associations. This method was introduced in the later stages of the study reported
in Chapter 3, and was therefore not implemented there. In combination, these factors may
explain why the GWAS in Chapter 2 identified a much larger number of genetic associations.
We performed various types of replication and robustness analyses, which suggest that the
results are not spurious overall. Thus, our findings show that GWAS in hundreds of thousands
of participants can identify robust associations with mental and behavioral traits for which it
has proven difficult to identify genes and biomarkers6,7. Overall, our findings motivate further
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genetic studies of these traits when larger samples become available in order to discover the
remaining genetic variants responsible for their missing heritability, discussed next.
b. What do the results reveal about their genetic architectures?
In Chapter 2, the lead SNPs account for only a small part of the missing heritability. In sum,
the 124 general-risk-tolerance lead SNPs explain about 0.5% of the phenotypic variation. In
that chapter, we estimated the SNP heritability of general risk tolerance with high precision to
between 5.5 and 8.5%, depending on the method. Thus, the size of the hiding heritability, which
is expected to be revealed by increased GWAS sample size, is in the order of 5–8%. The same
applies for the supplementary phenotypes. The joint R2 of the lead SNPs, depending on the trait,
is about 0.41 to 1.91%, and the hiding heritability is between 5.8 and 15.9%. In Chapter 3, the
handful of lead SNPs jointly account for an even smaller, almost minute, part of the variability,
roughly 0.03% of the variation in subjective well-being, 0.06% in depressive symptoms, and
0.23% in neuroticism. Thus, the hiding heritability remains almost equal to the SNP heritability.
Polygenic prediction performed with a much larger set of SNPs (about 1 million) supports the
notion that the hiding heritability will be revealed with increased sample size. A general-risktolerance PGS explains up to 1.8% of the phenotypic variation, about 3.6 times more than the
124 lead SNPs. A PGS for subjective well-being explains about 0.9% of the variation in
subjective well-being, 0.5% in depressive symptoms, and 0.7% in neuroticism. Thus, the PGS
for subjective well-being explains about 30 times more than the three lead SNPs. Unfortunately,
GWAS in hundreds of thousands to almost a million individuals did not reveal the bulk of the
missing heritability. Nonetheless, the following paragraphs will discuss some interesting
features of the trait’s genetic architectures that were revealed by the results.
As discussed in Chapter 1, it has been proposed that part of the still-missing heritability8, which
is not expected to be revealed by increased GWAS sample size, may be explained by structural
variants9,10, such as inversions. Overall, it has not been concluded whether the alleles of
structural variants are actually in LD with SNPs, and thus, tagged in GWAS11. Interestingly,
we found that neuroticism is strongly associated (P < 2.0110–15) with a previously known
inversion located on chromosome 8 (~7.89 to 11.8 Mb), and less strongly (P < 1.2510–9) with
another known inversion on chromosome 17 (~43.6 to 44.3 Mb). The estimated effect of the
chromosome 8 inversion is stronger than that of any individual lead SNP (R2 ~ 0.06%), but
similar to the joint R2 of the six near-independent and significant SNPs that tagged it. The effect
of the chromosome 17 inversion was estimated to 0.033%, and thus, is similar to the effect of
its only significant tag SNP (R2 ~ 0.028%). Both inversions were estimated to be bi-allelic and
common in the British population, with minor allele frequencies of about 0.44 and 0.22,
respectively. It is obviously too early to say for sure, but because the effects of these inversions
appear to be tagged by common SNPs, and would thus be identified by traditional GWAS, it
remains an open question whether such common structural variants actually account for the
still-hiding heritability, instead of the missing heritability. At the same time, rare structural
variants that cannot be tagged in traditional GWAS because of limited linkage with common
or low-frequency SNPs12,13 would instead contribute to the still-hiding heritability.
Notably, we annotated many of the lead SNPs identified in Chapter 2 to more than a hundred
smaller structural variants of various types identified by Sudmant et al. (2015), as well as to
about 40 larger candidate inversions identified by Gonzalez & Esko (2017, unpublished),
including the two discussed above. Because of the very large number it was not within the scope
of that study to perform the same thorough variant calling as in Chapter 3. Nonetheless, the
annotated variants could be considered interesting candidates for future studies on the relation
between mental traits and structural variation. A surprising finding was that many of these
regions harbor great overlap of association signal across the main phenotypes. In the literature,
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there is conflicting evidence with respect to whether structural variants have much influence on
complex traits11,14. Our results, and in particular the more thorough variant calling in Chapter
3, support the notion that common SNPs do indeed tag structural variation, and the findings
contribute to the somewhat limited evidence that suggests that common structural variants
indeed have an influence on complex traits and disorders.
Next, the findings align with the previous literature that has found that most GWAS findings
are located in non-coding intergenic regions10,15,16. In Chapter 2, about 64% of the identified
lead SNPs are intergenic17. These findings suggest that many of the identified SNPs are likely
to be involved in the regulation of gene expression rather than the structure of RNA and/or
proteins16. Because of the large number of identified associations in Chapter 2, it was not
within the scope of that study to closely examine the genomic function of each association.
Next, the 16 lead SNPs identified in Chapter 3 tell a slightly different story because almost all
are intragenic17, and thus, located within genes. 14 of those are intron variants, i.e., within genes
and involved in RNA transcription, but that get spliced away before translation into protein18.
The remaining two are intergenic, and none are coding variants. However, a few of the 16 lead
SNPs appear to be in linkage with nonsynonymous coding variants, for example the neuroticism
lead SNP that tagged the inversion on chromosome 17. That particular SNP is in strong linkage
with 11 known missense variants. It is possible that those are the truly causal variants in that
region, but more extensive fine-mapping is required to come to a firm conclusion. Overall, finemapping of the associations identified in Chapters 2–3 is an interesting avenue for future
research19.
Finally, the small effects that we identified for most of the main phenotypes, and the difference
in R2 between the lead SNPs and the PGS constructed with about a million variants, align with
the previous evidence that suggests that mental traits are highly polygenic and typically lack
common variants with large effects. An exception is the large effect of the top association with
drinks per week, located in the ADH1B gene. It is reassuring that we identified several
associations between drinks per week and various members of the ADH gene family because
of their well-known function in alcohol metabolism20,21. Yet, it remains to be decided whether
these traits confer to a completely infinitesimal “omnigenic” model22. Ultimately, it could be
that we may never be able to detect all truly causal SNPs because an infinite sample size would
be required23. Identification of the absolutely smallest effects could still be relevant to fully
understand trait biology. Yet, I think that the absolutely smallest effects would not really
contribute much to the predictive power of a polygenic score because they would not be
estimated with high-enough precision in any finite sample. However, an observation in
Chapter 2 speaks against the premise that all common SNPs are causal. Namely, the optimal
predictive power with LDpred24, a polygenic-score method that includes SNPs in linkage
disequilibrium (LD) and adjusts their effects for non-independence, was achieved when the
fraction of causal SNPs was assumed to be 30%. However, that evidence is weak due to several
limitations, such as the non-asymptotic sample size of the discovery GWAS and possible
inaccuracy in the reference panel LD. Overall, it is too early to conclude whether the genetic
effects on the studied traits are completely infinitesimal.
c. What is the potential to use the results to strengthen inference in empirical research
and to perform multi-trait analyses of genetically correlated traits?
In Chapter 2, the potential to strengthen inference in empirical research was evaluated through
polygenic prediction of alternative measures of risk tolerance, as well as personality dimensions
and various risky real-world behaviors, among other traits. We found that a general-risktolerance PGS significantly explains variation in many of these traits. However, the predictive
power was limited. It is the greatest for general risk tolerance itself, ranging from about 1 to
1.8%, and typically less than 1% for the other traits. Overall, the predictive power could be
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considered disappointing, for example in comparison with a recent large-scale GWAS of
educational attainment where the predictive power reached 13%25, though it should be noted
that the SNP heritability of general risk tolerance is less than that of educational attainment.
Nonetheless, it is possible that a PGS with the current predictive power could already be
beneficial to strengthen inference in empirical research of risk-related outcomes, discussed
next.
Rietveld et al. (2013) proposed a framework to evaluate the contribution of a PGS to empirical
research26. The basic idea is that a PGS can increase the power of a randomized control trial by
decreasing residual variation. Thus, the inclusion of a PGS could offset a reduction in
experimental sample size, which can be translated into financial terms. A financial break-even
point can be approximated as  
  , where  is the originally number of
study participants,  is the number of study participants in the reduced sample,  is the original
cost per study participant, and  is the cost to genotype each of the study participants in the
reduced sample. Thus, the left-hand side of the equation represents the cost saved, while the
right-hand side represents the additional cost to genotype the remaining study participants.
Rietveld et al. (2013) give examples of expensive educational reforms that can amount to more
than $10,000 per participant and year to evaluate. In such cases, it is possible that even a PGS
with modest predictive accuracy can substantially reduce the study cost.
But at what P could our general-risk-tolerance PGS, which explains 1.8% of the outcome
variation, be motivated? To illustrate, assume that a prospective randomized control trial
intends to include 300 participants (i.e.,  ) to detect a treatment effect of 5% (R2) on some
risk-related outcome. In that case, the theoretical study power is 97.5%. Under these
assumptions, calculations show that power can be kept constant with about 295 participants
(i.e.,  ), that is five participants less. Today, it could be reasonable to assume that the cost of
genotyping () is 50 per study participantx. In this case, P is equal to 2,950. Thus, our
general-risk-tolerance PGS could already be beneficial to some expensive randomized control
trials. However, there are also many conceivable studies that are not expensive enough to
motivate the inclusion of a PGS based only on financial motives. In such cases, our PGS could
be used anyways to increase power and/or control for unobserved heterogeneity. This particular
example assumed the inclusion of a single PGS, but once the participants have been genotyped
it is easy to include multiple polygenic scores at a low marginal cost. In summary, I argue that
our results have the potential to strengthen inference in empirical research, and in addition, can
be financially beneficial to particularly expensive experiments of risk taking.
In Chapter 2, genetic correlations were estimated between general risk tolerance and about 30
other traits. In summary, strong correlations were identified with many risky lifestyle behaviors,
and weak to moderate correlations were identified with several socioeconomic and
neuropsychiatric traits, and with personality dimensions. In that chapter, multi-trait analyses
with the summary statistics already suggest a benefit of multi-trait analysis. Using MTAG, we
leveraged information from the supplementary phenotypes and were able to increase the
number of general-risk-tolerance leads SNPs to 312, which jointly explain 0.93% of the
phenotypic variation. Thus, almost twice that of the 124 lead SNPs identified in the discovery
GWAS. It was also the general-risk-tolerance PGS based on the MTAG results that had the
greatest predictive power. Future studies should be to able to use our results to boost power in
multi-trait analyses of genetically correlated traits. Such decisions can be guided by the genetic
correlations we estimated. Similarly, we estimated strong genetic correlations between
subjective well-being, depressive symptoms, and neuroticism with anxiety disorders. There are
currently few reported genome-wide associations with anxiety disorders27, and thus, it could be
x
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beneficial to use our results to aid the identification of genetic associations with that condition.
Finally, proxy-phenotype analyses in Chapters 2–3 identified plausible candidate associations
with several traits, such as ADHD, lifetime cannabis use, and self-employment, in loci that have
not been previously reported for these traits. In conclusion, our results can be leveraged for
multi-trait analysis of genetically correlated traits.
c. What do the results reveal about biological mechanisms and pathways?
We performed bioinformatic analyses of general risk tolerance, subjective well-being,
depressive symptoms, and neuroticism with the GWAS summary statistics. Importantly,
functional partitioning with stratified LD Score regression found the strongest enrichment for
all four traits in the functional category central nervous system. That is encouraging because
these phenotypes are foremost expected to be related to brain function. It would be worrying if
the strongest signal would have been found in seemingly unrelated pathways and tissues. Also,
a weaker, but yet significant level of enrichment was found for general risk tolerance in the
category immune/hematopoietic (while excluding the MHC region). To the best of our
knowledge, this is one of the first times a study finds significant enrichment for a mental trait
in the category immune/hematopoietic, though this has previously been implicated for some
mental disorders. Next, the functional category adrenal/pancreas was found enriched for
subjective well-being and depressive symptoms, which aligns with previously reported
associations between depression and the stress hormone cortisol28, which is produced in the
adrenal cortex. Interestingly, the lack of enrichment for general risk tolerance in the category
adrenal/pancreas contests previously reported associations with cortisol29.
Next, Gene Network analysis strongly suggest the involvement of the following brain regions
in general risk tolerance: prefrontal cortex, frontal lobe, visual cortex, parietal lobe, and
putamen. The biological pathways that are implicated by that analysis include particular brainrelated mechanisms, such as dendritic and synaptic processes. That method, together with
DEPICT, mutually implicate the involvement of both glutamate and GABA neurotransmitters.
However, neither SMR nor competitive gene-set analysis support that finding. For brevity, the
interested reader can find a detailed discussion of this conflicting result in the Supplementary
Materials. Notably, few to no other large-scale GWAS of mental traits have reported evidence
in favor of the involvement of both glutamate and GABA.
In Chapter 3, Gene Network analysis of subjective well-being suggest the involvement of
particular brain regions, such as putamen, thalamus, and the visual cortex, but in contrast to risk
tolerance, that analysis also ranks many seemingly unrelated tissues among the highest. That
result is likely explained by the smaller sample size of the GWAS of subjective well-being, and
future studies in larger samples should be able to more accurately pinpoint particular brain
regions. Overall, these bioinformatic analyses of GWAS summary statistics are limited by the
availability of external reference data, and it may be useful to revisit these analyses in the future
as more reference data becomes available.
d. What do the results suggest about the biological pathways and candidate genes that
have previously been hypothesized to influence risk taking?
As discussed in Chapter 1, previous studies of biological pathways and candidate genes in
relation to risk taking could be considered hampered by several methodological shortcomings,
such as small sample size. Because this is by far the largest genetic study of risk tolerance it
provides an excellent opportunity to replicate the previously hypothesized pathways and genes.
Previously, five pathways have frequently been hypothesized to influence risk tolerance:
testosterone and estrogen, dopamine and serotonin, and cortisol. Competitive gene-set analysis
did not find significant enrichment for neither of the five, which is further supported by the
results of Gene Network analysis and DEPICT. Next, we investigated 15 previously
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hypothesized candidate genes, and found that none are among the 285 significant genes
identified in gene-based analyses with MAGMA. Thus, a large number of other genes appear
to be more important than those that have previously been suggested in the literature. Finally,
we investigated whether particular SNPs located within, or that are known to tag, those 15
candidate genes are associated with general risk tolerance. Overall, no such SNPs replicate at
genome-wide significance. In summary, our results contest the involvement of the biological
pathways and candidate genes that have previously been hypothesized to influence risk taking.
2. Is educational attainment associated with CpG methylation and how does the strength
of association compare to biologically proximate factors?
In Chapter 4, the EWAS, which included 10,767 individuals, identified that educational
attainment is associated with 37 CpG probes at epigenome-wide significance. Nine of those
probes remain significant in an adjusted model that controls for BMI and smoking. Thus, when
we considered two biologically proximate confounders then the number of associations
dropped quite drastically. We also observed that there is much less inflation of the overall test
statistic in the adjusted model, which is a sign that these covariates are important to avoid
inflation, and thus, possible omitted variable bias across most or all probes. We benchmarked
the 50 top probes from the adjusted model in comparison to four biologically proximate factors
and found that their effect sizes are many times weaker compared to the strongest effects
reported for smoking and maternal smoking, a few times weaker compared to alcohol
consumption, and about 50% weaker compared to BMI. In addition, most of the 44 probes with
association P value less than 110–5, in the adjusted model, have previously been associated
with smoking and/or maternal smoking30,31.
Disconcertingly, the results of several robustness analyses suggest that most, if not all, of the
identified associations are driven by confounding from smoking even though we controlled for
smoking with a covariate. It appears as if that covariate is not detailed enough to fully account
for the strong and long-lasting effects from smoking on methylation. Typically, the smoking
covariate available in most epidemiological cohorts is coarsely measured, which translates into
measurement error, and thus, residual confounding32. Unfortunately, alcohol consumption was
not available or consistently measured across the included study cohorts. Therefore, we cannot
rule out that alcohol consumption could be responsible for the remaining inflation of the overall
test statistic;  is about 1.06 after genomic control (adjusted model). Notwithstanding the
disappointing findings, our study contributes by being many times larger than most previous
studies in behavioral epigenetics, and it can hopefully increase the awareness of the many issues
surrounding confounding from lifestyle factors in observational studies of methylation.
What do the results suggest about the hypothesis that psychosocial experiences influence
disease via methylation?
Overall, our results do not support the hypothesis that a major life experience would be strongly
associated with methylation, or at least in a direct manner that cannot be attributed to
biologically proximate factors. Thus, it is questionable if psychosocial experiences actually
influence disease via methylation. To my knowledge, there are no studies that have investigated
that hypothesis with a randomized design in humans33,34, which is an important but potentially
infeasible avenue for future research. Thus, before causality has been established, a more
parsimonious explanation is that the reported associations between psychosocial experiences
and methylation are driven by a range of biological confounders. Notably, several review
articles on the subject acknowledge that possibility35–38. Nevertheless, I find it alarming that
many studies in behavioral epigenetics brush aside such concerns in favor of more sensational
claims, which may lead to a legitimization of bad research practices, solidify the trust in weak
results, and add to the overall hype of epigenetic epidemiology33. In my opinion, if the goal of
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epigenetic epidemiology is indeed to provide biomarkers and guide health interventions and
social policies, which is a frequently voiced motivation34,39,40, then carefulness must be the
norm for the execution and interpretation in behavioral epigenetics. Otherwise, there is a risk
that resources are misallocated to ineffective medical and social interventions, non-replicable
studies, and that clinical trials may experience similar failure rates as those observed in
industry-conducted trials based on published findings from cancer research41.
On the introductory page of Chapter 4, I quote Carl Sagan on the virtue of keeping an open
but not too open mind. I chose that particular quote because it relates to my skepticism towards
the notion that “biological embedding of psychosocial stress”34,39,42 would be a strong
explanatory factor of health inequalities, rather than positive health behaviors, lifestyle factors,
and underlying genetic liability towards multiple of these factors. I speculate that this may be a
politically appealing explanation because it implies less blame and shame of the health
inequalities across socioeconomic strata43,44. However, good intentions do not motivate bad
research practices. Importantly, I am not saying that stress, bad working conditions, and poverty
are not major negative health factors6,45,46, I merely question the need to hypothesize about a
largely unobservable social stress proxied by higher-order factors such as socioeconomic status,
which by design becomes prone to being confounded by unobserved heterogeneity.
3. What is the overall quality and evidential value of the previous studies that have tested
antisocial behavior for association with an interaction effect between adverse life
events and 5-HTTLPR?
None of the eight reviewed studies attained a completely satisfying score in the quality
assessment. Importantly, all the studies fail to account for all relevant covariategene and
covariateenvironment interaction terms47. Apparently, the studies disagree on what covariates
are important in this setting because the included covariates vary a lot. Thus, omitted variable
bias could have inflated the strength of association in some of the studies. Further, none of the
studies control for population stratification with molecular genetic data and several of the
studies analyze samples with admixed ancestry. Therefore, none of the studies can rule out the
alternative explanation that other genetic and environmental factors could be attributable. Thus,
the quality of the eight studies could be considered weak. Evidently, the multiple sources of
bias that we identified severely limit the evidential value of the subset of studies that report a
significant interaction. Also, more recent GWAS findings with respect to antisocial behavior48,
and our GWAS of the genetically correlated trait general risk tolerance (rg ~ 0.35), do not
provide support of a main effect of 5-HTTLPR. The absence of a direct effect is a weaker but
yet important indicator that it is unlikely that 5-HTTLPR would be a moderator of the effect of
adverse life events. In conclusion, the findings contest the hypothesis that antisocial behavior
would be associated with an interaction between adverse life events and 5-HTTLPR.

Conclusion
The central purpose of this thesis has been to investigate the genetic architecture of the main
phenotypes. Chapters 2–3 found that GWAS in hundreds of thousands to almost 1 million
individuals have the ability to identify robust genetic associations with general risk tolerance,
adventurousness, and the four risky behaviors and their first PC, as well as with subjective wellbeing, depressive symptoms, and neuroticism. Many of the identified associations were the first
reported for these traits. However, the identified variants explain only a small part of the hiding
heritability. Nonetheless, the results uncovered several interesting aspects of their genetic
architectures, such as genetic overlap in a couple of inversion polymorphisms, and the thesis
has shown that the results can be used to strengthen inference in empirical research and to
perform multi-trait analyses of genetically correlated traits. An interesting finding is the novel
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lead about the possible involvement of glutamatergic and GABAergic neurotransmission in
relation to general risk tolerance, and the lack of support for the involvement of the previously
hypothesized genes and biological pathways. Chapter 4 found that educational attainment is
not strongly associated with methylation, and that several biologically proximate confounders
are major concerns for the robustness of observational studies that test whether psychosocial
experiences are associated with methylation. Finally, Chapter 5 found that the overall quality
is low for the previous studies that have tested antisocial behavior for association with a geneenvironment interaction between adverse life events and 5-HTTLPR, and that there is little
evidential support in favor of that interaction.

Study limitations
The vast majority of the study participants are of European descent. Thus, it is not certain that
the results can be generalized to populations of different ancestry. Overall, larger genetic studies
in non-Europeans are warranted49,50. Next, it was possible to amass very large samples because
relatively simple self-reported measures were studied. That, in combination with phenotypic
heterogeneity across the study cohorts, could have attenuated the power to detect genetic
associations. Although some of the studies used repeated measurements most analyses were
performed cross-sectionally. Out of the four studies, I deem that a longitudinal study design
could have benefited the EWAS the most. In that study, a longitudinal design could have led to
more accurate inference of whether associations with CpG probes would have appeared before
or after initiation of education as well as smoking initiation. Also, because methylation is
dynamic and unstable, repeated measurements could have been used to correct for measurement
error. Unfortunately, we could not identify any large-enough EWAS sample with quasi-random
variation that would allow us to investigate causality.
Furthermore, the GWAS reported in this thesis focused on common and low-frequency
autosomal SNPs. Based on the previous literature, I deem it unlikely that there would be a very
large number of rare variants responsible for a substantial share of the heritability of the main
phenotypes, but based on the studies in this thesis, we simply do not know. Also, it could be
that allosomal variation (i.e., on the sex chromosomes) may explain part of the phenotypic
variation, such as the observed difference in general risk tolerance between men and women.
But we did not investigate variation on the sex chromosomes. Overall, the studies reported in
this thesis are particularly focused on genetic variation rather than environment factors, while
the heritability estimates strongly suggest that much of the variation in the main phenotypes is
attributable to the environment. Thus, the lack of large-scale investigation of environmental
factors could be considered a limitation of this thesis. Finally, I acknowledge that this thesis
has barely scratched the surface of the genetic iceberg, and there are likely many thousands of
loci left to discover in relation to the main phenotypes.
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General summary
Twin and family studies have convincingly established that most, if not all, human traits are
heritable to some degree. Yet, few genetic variants have been discovered that can be attributed
for the resemblance in psychology and behavior that is observed in families. Until recently, the
available technology restricted the sample size of molecular genetic studies, which limited
researchers to be able to detect only highly penetrant variants. At the same time, repeated
empirical observations suggested that the genetic influences on genetically complex traits, such
as psychology and behavior, are orders of magnitude smaller compared to what was previously
thought and distributed across a very large set of genetic variants. Now, modern genotyping
technologies are drastically changing the investigation of the molecular genetic basis of
complex traits by rapidly decreasing the cost of measuring individual genotypes. This
advancement has led to a surge of data generation in epidemiological cohorts and large biobank
initiatives and we are finally at a point where samples sizes are large enough to discover the
very small genetic effects that influence highly polygenic traits.
Because of that development, there is now a cascade of scientific efforts, across fields and
disciplines, with the objective to discover the genetic architecture of complex traits and
disorders, in some aspects comparable to the space race of the 20th century. Many researchers
aspire to put a flag on previously uncharted genetic territory. These efforts are considered to be
a potential game changer in the investigation of mental traits, not only for the detection,
prevention, and treatment of various mental disorders, but also for how empirical research can
be conducted in fields like psychology and the social sciences. In that spirit, this thesis
investigates the molecular genetic basis of various mental traits, such as behaviors, moods, and
preferences, with the intent to contribute to the first steps towards discovering the genetic
architecture of the human mind.
This thesis consists of four empirical studies that study a few specific measures of psychology
and behavior in relation to a particular type of molecular genetic variation. The objective of the
first two empirical chapters is to discover novel associations with single-nucleotide
polymorphisms (SNPs), the most occurring form of genetic variation, by performing genomewide association studies in hundreds of thousands and up to a million individuals. The objective
of the third empirical chapter is to discover novel associations with CpG methylation, an
epigenetic marker, by performing an epigenome-wide association study. The objective of the
fourth empirical chapter is to critically review and meta-analyze the literature on a reported
gene-environment interaction.
In Chapter 2, we study individual differences in the overall willingness to take risks, which we
refer to as general risk tolerance, in combination with self-reported adventurousness and four
risky behaviors: automobile speeding, alcohol consumption, smoking initiation, and number of
lifetime sexual partners. By studying hundreds of thousands to almost a million individuals we
discover hundreds of novel genetic loci associated with these traits. Yet, the loci account for
only a small part of the missing heritability. Thus, there are many genetic variants left for future
studies to discover as larger samples become available. Nonetheless, the findings reveal several
interesting aspects of the traits’ genetic architectures, such as the possible involvement of
structural variation, in the form of inversions. We find that most of the associations are located
outside of genes, and thus, are likely to be involved in the regulation of gene expression. Also,
the study estimates great genetic overlap across general risk tolerance, risky behaviors, and
many other traits from various research domains. For general risk tolerance, bioinformatic
analyses finds strong enrichment of the central nervous system, and weaker enrichment of the
category immune/hematopoietic. The study uncovers evidence in favor of biological
mechanisms that were previously not thought to be related to risk taking, in the form of
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glutamatergic and GABAergic neurotransmission, and casts doubt on the pathways and
candidate genes that have previously been hypothesized to influence risk taking.
In Chapter 3, we investigate three mood phenotypes: subjective well-being, depressive
symptoms, and neuroticism. The three traits are strongly correlated phenotypically and there is
a shared genetic basis, which motivates a joint study of the three. Importantly, larger genetic
studies of depression have been warranted for a long time. By performing genome-wide
association studies in roughly 150,000 to 300,000 individuals we discover a handful of
associated loci, which are among the first reported for these traits. Yet, their joint effects are so
small that the study barely scratches the surface of their genetic architectures. Nonetheless, the
findings are a first step in the discovery of the genetic variants responsible for the missing
heritability of depression. We indeed find great genetic overlap across the three traits, as well
as with anxiety disorders. Associations with neuroticism tag two inversion polymorphisms,
which provides evidence in favor of the premise that structural variants are involved in
determining individual differences in mental traits. Bioinformatic analyses finds strong
enrichment of the central nervous system for all three traits, and weaker enrichment of the
category adrenal/pancreas for subjective well-being and depressive symptoms.
In Chapter 4, we investigate whether educational attainment, which is a cognitive trait
influenced by the social environment but also a major life experience, is associated with CpG
methylation across the genome. Methylation is an epigenetic mechanism that is considered to
play a major role in aging and a range of medical conditions. We perform an epigenome-wide
association study in almost 11,000 individuals, which is by far the largest study on the
association between a social factor and methylation. Disappointingly, we identify only a small
number of epigenetic associations, and most do not appear to be robustly associated with
educational attainment but instead driven by confounding bias attributable to own and/or
maternal smoking. Overall, the overwhelming effect of smoking exposure on methylation
appears to be a major source of concern for epigenetic studies of the social environment,
because many such factors correlate with smoking to a varying degree. Nonetheless, because
of the large sample size our estimates provide an approximate upper bound to the strength of
association that can be expected for a biologically distal factor. Importantly, the findings
suggest that the association with a social environmental influence, which is experienced over
many years early in life, appears to be many times weaker than that of risk factors with a direct
biological impact, such as smoking, alcohol consumption, and BMI.
In Chapter 5, we critically review and meta-analyze the literature that has hypothesized that
antisocial behavior is associated with a gene-environment interaction between adverse life
events and the gene region 5-HTTLPR. The number of published studies is not great, but the
meta-analysis includes about 8,000 individuals. The study identifies a significant interaction
effect. However, a range of methodological shortcomings severely restrict the evidential value
in support of that interaction and the possibility to draw a firm conclusion. The major sources
of concern are differences in study design and statistical procedures, inadequate statistical
modeling of all relevant covariategene and covariateenvironment interaction terms, and the
high risk of bias from population stratification because of admixed-ancestry samples and lack
of genetic principal components. In addition, a more recent genome-wide association study
lends little support for a direct effect of 5-HTTLPR on antisocial behavior, which casts further
doubt on the hypothesis that 5-HTTLPR would be involved in the moderation of the effect of
adverse life events.
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