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Chapter 1 

General introduction and outline 
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his millennium started with the complete sequencing of the human 

genome1. Although a huge leap forward in genetic research, the ability 

to sequence the human genome was only the beginning of an incredibly 

complex journey to crack the genetic code. Most people are well aware 

that the physical resemblance between family members is in part due to 

genetic factors. Conversely, physical differences within a population can 

be attributed to genetic variation. Despite the similarity in genetic 

profiles of humans, the variation in genetic code among people is 

enormous as the diversity of physical appearances testify. However, the 

influence of our molecular code is not limited to physical appearance. 

Like many human behaviors, psychiatric disorders show a significant 

heritable component2. For example, the heritability of schizophrenia has 

been estimated at 60-80%3, 4, meaning that 60-80% of the disease 

liability for this chronic psychiatric disorder can be explained by genetic 

variation. 

Unraveling the biological processes that link genetic variation with 

increased risk of psychiatric illness is the primary aim of the field of 

psychiatric genetics. However, genetic variation can be studied from 

different perspectives. While molecular genetics focuses on biological 

and biochemical models of genetic processes, statistical genetics focuses 

on the identification of statistical relationships between genetic variation 

and a phenotype of interest. Different types of genetic variation exist, 

ranging from insertions and deletions of relatively large chromosomal 

regions to single nucleotide polymorphisms (SNPs), which are single 

DNA letters that are different in part of the population. Despite the 

many types of genetic variation, this thesis will focus solely on the role 

of SNPs that occur frequently in the population. The aim of this thesis is 

to investigate some of the methods of statistical genetics, apply them in 

the context of psychiatric disorders, and suggest improvements. 
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The thesis consists of three parts. Part I (Chapters 2-3) provides an 

overview of two types of studies in psychiatric genetics. In the last 

decade enormous progress has been made in revealing the genetic 

complexity of psychiatric disorders. The possibility of analyzing millions 

of genetic variants in large samples has revealed the complexity of the 

relationship between genetics and psychiatric illness. Most notably, the 

Schizophrenia Working Group of the Psychiatric Genomics Consortium 

(PGC) has collected and analyzed samples with tens of thousands of 

subjects5. Such genome-wide association (GWA) studies analyze all 

common genetic variants without a prior hypothesis which genetic 

variants are related to a disorder. In Chapter 2 we review the most 

important findings of this data-driven approach for schizophrenia. 

Data-driven approaches like GWA studies require very large sample 

sizes to achieve sufficient power, due to the stringent multiple testing 

correction required. Often detailed phenotypic information related to 

psychiatric disease has only been assessed in relatively small samples. 

For example, a detailed record of neuropsychological data assessed in a 

relatively small sample of patients can be very informative. As we will 

show in Chapter 3, in small-scaled studies a data-driven genome-wide 

approach is unfeasible due to lack of power and a hypothesis-driven 

candidate-gene study may be a better alternative. Chapter 3 discusses 

in detail advantages, disadvantages, and other considerations when 

performing a candidate-gene study. 

Part II (Chapters 4-5) provides two examples of empirical studies in 

psychiatric genetics. As an example of a GWA study, we have performed 

a large meta-analysis of 11 association studies on lifetime cannabis use, 

including a total of 24,916 subjects and performed a replication using 

two replication samples including a total of 3,310 subjects (Chapter 4). 
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An important advantage of GWA meta-analysis is an increase in power 

due to the larger total sample size. 

Results from a large well-powered GWA study can be reused for other 

purposes. For example, in genetic risk prediction GWA results from a 

discovery sample are used to predict disease status in an independent 

replication sample6. The explained variance in the replication sample is a 

measure of genome-wide genetic overlap between the two samples. In 

Chapter 5 we illustrate this approach to assess the genetic overlap 

between schizophrenia on one hand and three immune disorders on the 

other hand to test the currently popular hypothesis that schizophrenia 

and immune disorders have a shared genetic basis5-7. 

Statistical conclusions assume that the models on which they are based 

are correctly specified. In Part III (Chapter 6-8) the implications of 

model misspecification in statistical genetics are discussed in three 

settings. Psychiatric disorders are complex disorders that are influenced 

by a large number of genes. For pragmatic reasons it is common in GWA 

studies to analyze genetic variants one at a time, assuming no other 

genetic risk variants exist. Chapter 6 investigates the implications of this 

assumption in GWA analyses of dichotomous phenotypes.  

Although many GWA studies focus on disease risk, it is also possible to 

investigate time to disease onset. In fact, for many disorders it is very 

well possible that a genetic variant influences both disease risk as well 

as time to disease onset. Traditional survival analysis and logistic 

analysis do not take this into account. In Chapter 7 we investigate the 

implications of performing a traditional survival analysis of genetic 

variants that influence both disease risk and disease onset and show 
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how cure survival analysis can be used to estimate both survival and 

logistic effects in a single analysis. 

Finally, in Chapter 8 we discuss the issue of ignoring epistasis in 

statistical genetic modeling. Statistical epistasis is the presence of 

interactions between genetic variants in the statistical model. Zuk and 

colleagues8 used the highly epistatic limiting pathway model to argue 

that epistasis could inflate the heritability estimates from twin studies 

and other family studies. However, there are theoretical and pragmatic 

reasons that support the common practice of ignoring epistasis in 

analysis models. In Chapter 8 we investigate under what assumptions 

the epistatic limiting pathway model results in inflated heritability 

estimates. 

Chapter 9 concludes with a summary and general discussion of the 

results of the studies presented in this thesis. 
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Chapter 2 

Genome-wide association analysis in 
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Introduction 

Schizophrenia is a severe mental disorder with a typical onset in 

adolescence or young adulthood. Global lifetime prevalence is about 

0.3–0.7%9. Symptoms can be divided into positive symptoms (e.g., 

delusions and hallucinations), negative (deficit) symptoms (e.g., 

anhedonia, blunted affect, and avolition), and disorganization symptoms 

(e.g. disorganized speech). In addition, the majority of schizophrenia 

patients show cognitive dysfunctioning. In general, schizophrenia 

patients have deficits in most cognitive domains (e.g., attention, 

memory, and executive functioning) approximately one standard 

deviation below the normative mean10. However, there is no specific 

cognitive profile that distinguishes schizophrenia patients from patients 

with other Diagnostic and Statistical Manual of Mental Disorders (DSM)11 

diagnoses. Schizophrenia is often preceded by a prodromal period of 

months to years in which mild psychotic and other symptoms can occur 

and psycho-social functioning deteriorates. 

A short case example: 

Michael is a 20 year old philosophy student who is skipping a lot of 

classes lately. In the class room he hears his name being whispered by 

fellow students in the front row, although the distance is too far to be 

able to hear them. During the breaks he hears other students talk and 

laugh about him. Sometimes he thinks they are conspiring to kill him 

especially since he also hears them talking about how they are going to 

get him when he is alone in his room. He is unable to concentrate on 

what the professor says in the classroom. It is as if he cannot extract 

the meaning of what is being said. He has suffered from that problem 

for several years. His grades have decreased during this period and he 

will probably drop out from university. He also experiences a feeling of 
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emptiness, which started years ago. Nothing seems to get through to 

him. Even the birth of his niece left him cold. He experiences a loss of 

identity. Lately he sometimes has the feeling that someone else is 

putting thoughts in his head or moves his limbs outside his own will. 

Schizophrenia has remained a mental disorder with an unknown 

etiology, unchanged prevalence and disabling outcomes for the vast 

majority of the patients. Sustained recovery occurs in less than 14% 

within the first five years following a psychotic episode and in an 

additional 16% in a later phase12, 13. Throughout Europe, less than 20% 

of people with schizophrenia are employed14. Various treatments, 

especially pharmacological, have been tried to improve its disabling 

lifetime course15. Antipsychotic medication reduces the positive 

symptoms but the negative symptoms often remain, sometimes even 

worsened by antipsychotic medication. One of the causes for lack of 

progress in scientific understanding and treatment may be that the 

DSM-IV category of schizophrenia is very broad and therefore 

psychopathology is too heterogeneous to find a biological substrate16. 

Wessman et al.17 performed unsupervised clustering of individuals from 

Finnish schizophrenia families, based on extensive clinical and 

neuropsychological data, including Structured Clinical Interview for 

DSM-IV information18. The sample consisted of 904 individuals from 288 

families with at least one member with schizophrenia. Wessman et al.17 

found several subgroups. One group was characterized by psychotic and 

mood symptoms and an association with allelic variants of the DISC1 

gene. The other group showed mainly negative and cognitive symptoms 

and a strong association to several allelic variants in the DTNBP1 gene. 

Other examples include the studies of Derks and colleagues19-21 and 

Fanous et al.22, which suggest that genetic associations may be 

particularly strong for negative and disorganization symptoms. 
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Summarizing, modeling phenotypic heterogeneity within schizophrenia 

may provide increased insight into the biological substrate of the diverse 

symptoms of schizophrenia. 

Twin and family studies 

The risk of developing schizophrenia is increased in relatives of 

schizophrenia patients, indicating that familial or genetic factors 

influence disease risk. In the early nineties, Gottesman23 showed that 

disease probability is more strongly increased in first-degree relatives of 

schizophrenia patients (6-17%) compared to second-degree relatives 

(2-6%). In agreement with a large genetic component for schizophrenia, 

the probability of developing schizophrenia is 48% in the monozygotic 

twin of a proband with schizophrenia. The fact that disease risk is more 

strongly increased in relatives, who are genetically more alike, indicates 

that genetic factors are important in causing schizophrenia. Indeed, a 

meta-analysis of twin studies indicates that the heritability of liability to 

schizophrenia is 81%24. Since the publication of this meta-analysis, 

Lichtenstein and colleagues investigated the heritability of schizophrenia 

based on multi-generation register data including information on 

psychiatric inpatient admissions in Sweden3. This sample comprised over 

nine million unique individuals, including 35,985 probands with 

schizophrenia. The heritability of schizophrenia was estimated at 64%, 

which is lower compared to previous estimates. However, the latter 

estimate is consistent with the study of Wray and Gottesman25, who 

reported a heritability estimate of 67% based on Danish population-

based cohort data. 

Lichtenstein and colleagues did not limit the Swedish registry study to 

schizophrenia only, but also aimed to investigate whether schizophrenia 
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and bipolar disorder share a common genetic etiology. In relatives of 

schizophrenia probands, the risk to develop bipolar disorder was higher 

than the risk in relatives of healthy probands. Furthermore, in relatives 

of probands with bipolar disorder, an increased risk of schizophrenia was 

reported. Based on the relative risks, Lichtenstein and colleagues 

concluded that the comorbidity between schizophrenia and bipolar 

disorder was for a large percentage (63%) due to shared genetic 

effects.  

The genetic architecture of schizophrenia is complex. Early linkage and 

association studies were challenged by the fact that twin and family data 

are not in agreement with a single major gene effect26. Indeed, the 

identification of causal genetic variants has been less successful than 

expected. However, genome-wide association (GWA) studies in large 

samples of patients with schizophrenia and healthy controls have 

recently resulted in conclusive evidence for the role of several genetic 

loci (section 3). These studies have also increased our knowledge about 

the genetic architecture of this severe disorder (section 4). 

Genome-wide association studies 

In 2009, the first GWA study on schizophrenia was published27. In this 

study, DNA pooling was used to estimate allele frequencies in 574 

schizophrenia patients, their parents, and 605 unaffected controls. 

Although genetic variants in the genes CCDC60 and RBP1 were 

highlighted, no genome-wide significant findings were reported. Kirov et 

al.27 predicted that thousands of cases and controls would have to be 

included to reach statistical significance. Indeed, since then, large 

consortia have been formed to increase sample size. In 2009, three 

consortia presented their data in Nature. Stefansson and colleagues, 
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representing the SGENE-plus consortium, included data of 2,663 cases 

and 13,498 controls28. The International Schizophrenia Consortium 

(ISC) collected data in 3,322 schizophrenia cases and 3,587 controls 

from European ancestry6. Finally, the Molecular Genetics of 

Schizophrenia (MGS) sample included a European-ancestry sample 

(2,681 cases and 2,652 controls) and an African-American sample 

(1,286 cases and 973 controls)29. 

Even though these studies included thousands of cases and controls, 

very few genome-wide significant findings were reported for each of the 

individual samples. To further increase statistical power, the three 

consortia exchanged GWA study summary results. Meta-analyses 

provided strong support for the involvement of the Major 

Histocompatibility Complex (MHC)6, 28, 29 and for involvement of genetic 

variants in NRGN and TCF428. The associations with NRGN and TCF4 

point to a causal role of pathways involved in brain development, 

memory and cognition. The MHC region (6p21.32-p22.1) is a gene-

dense region, characterized by high levels of linkage disequilibrium. The 

MHC region comprises 0.3% of the genome and contains hundreds of 

genes (i.e., 1.5% of the genes in Online Mendelian Inheritance in Man 

(OMIM))30. It is enriched for genome-wide significant SNP associations 

while 6.4% of the associations reported in the NHGRI GWAS catalog are 

located in this region31, 32. 

Due to the high level of linkage equilibrium in the MHC region, multiple 

SNPs show significant associations with schizophrenia and any of the 

genes in this region could be functionally related to schizophrenia. 

Walters et al. studied the association between four SNPs in the MHC 

region and cognitive deficits, a core component of schizophrenia 33, 34. 

The G allele of SNP rs6904071 was found to be associated with delayed 
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episodic memory and decreased hippocampal volume in schizophrenia 

patients and controls33 which supports a causal relation between genetic 

variants in the MHC region and schizophrenia. However, until the 

location of the causal genetic variants is more precisely identified, it is 

impossible to distinguish between several theoretically plausible 

mechanisms. 

Because of the large samples required to detect genetic variants with 

small effects, in 2011 the samples of the three consortia were combined 

into a single mega-analysis by the Psychiatric Genomics Consortium 

(PGC)35. This analysis included a stage-I discovery sample of 9,394 

cases and 12,462 controls and a stage-II replication sample of 8,442 

cases and 21,397 controls. Ten independent SNPs located in seven 

different loci were significantly associated with case-control status. Two 

loci were previously implicated in schizophrenia: 6p21.32-p22.1 (MHC) 

and 18q21.1 (CCDC68 and TCF4). One of the novel loci is located within 

intron three of AK094607 which contains the primary transcript for 

microRNA-137 (MIR137)36. MIR137 has been implicated in regulating 

adult neurogenesis and neuronal maturation35, 37-39 (see Ripke et al.35) 

and could therefore contribute to brain development abnormalities. This 

study was followed up in 2013, by including GWAs data from an 

additional 6,454 subjects from Sweden32. Further evidence was provided 

for eight loci previously implicated in schizophrenia, one locus previously 

implicated in bipolar disorder, and 13 new risk loci (see Table 1). Two 

loci (CACNA1C and CACNB2) implicate a role for calcium signaling in the 

etiology of schizophrenia. To further test the role of calcium channels, 

which are involved in learning, memory and synaptic plasticity, Ripke 

and colleagues performed a gene-set test which indeed showed 

enrichment of smaller p-values in genes encoding calcium channel 

subunits32. 
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Summarizing, current GWAs data provide convincing evidence for 

several loci. Recent, yet unpublished, analyses of even larger samples 

have resulted in an increase in the number of significant hits and we can 

safely conclude that the GWAs approach has been successful in 

identification of risk loci that can be followed up in functional studies. At 

present, GWAs data support the role of MIR137 and calcium signaling in 

the etiology of schizophrenia. Genetic variants in the MHC region are 

strongly associated with schizophrenia, but the biological mechanisms 

are as yet unknown. Furthermore, large sample sizes were required to 

detect a relatively small number of common genetic polymorphisms 

affecting schizophrenia, as effect sizes were small (OR~1.1). This raises 

the question how many other SNPs affect schizophrenia and with what 

effect size. In the next section, we therefore discuss what GWA studies 

have revealed so far about the genetic architecture of schizophrenia. 

Table 1. Description of the 22 genome-wide significant loci in the combined 
analysis.a 

Chromosomal 
region 

P value Candidate gene 
in relation to 
index SNPb 

Other genes in 
genomic region 
defined by LDc 

Disease 
associationsd 

Chr. 6: 31,596,138–
32,813,768 

9.14 × 10−14 HLA-DRB9 MHC class II, many other 
genes, lincRNA 

Many 

Chr. 10: 104,487,871–
105,245,420 

3.68 × 10−13 C10orf32-AS3MT CALHM1, CALHM2, CALHM3, 
CNNM2, CYP17A1, INA, 
MIR1307, NT5C2, PCGF6, 
PDCD11, SFXN2, ST13P13, 
TAF5, USMG5, WBP1L 

GWAS: blood 
pressure, 
coronary artery 
disease, 
aneurysm 

Chr. 7: 1,827,717–
2,346,115 

5.93 × 10−13 MAD1L1 FTSJ2, NUDT1, SNX8   

Chr. 1: 98,141,112–
98,664,991 

1.72 × 10−12 (MIR137, 37 kb) DPYD, lincRNA DPYD: mental 
retardation 

Chr. 12: 2,285,731–
2,440,464 

5.22 × 10−12 CACNA1C – CACNA1C: 
autism, Timothy 
syndrome, 
Brugada 
syndrome 3 

Chr. 10: 18,601,928–
18,934,390 

1.27 × 10−10 CACNB2 NSUN6 CACNB2: 
Brugada 
syndrome 4; 
GWAS: blood 
pressure 

Chr. 8: 143,297,312–
143,410,423 

2.19 × 10−10 TSNARE1 –   

Chr. 1: 73,275,828–
74,099,273 

3.64 × 10−10 (x10NST00000415686
.1, 4 kb) 

lincRNA   

Chr. 11: 130,706,918–
130,894,976 

1.83 × 10−9 (SNX19, 31 kb) lincRNA   

Chr. 5: 151,888,959– 2.65 × 10−9 ENST00000503048.1 lincRNA (GRIA1)   
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152,835,304 
Chr. 5: 152,505,453–
152,707,306 

4.12 × 10−8       

Chr. 19: 19,354,937–
19,744,079 

3.44 × 10−9 (MAU2, 4 kb) CILP2, GATAD2A, GMIP, 
HAPLN4, LPAR2, MIR640, 
NCAN, NDUFA13, PBX4, 
SUGP1, TM6SF2, TSSK6, 
YJEFN3 

GWAS: lipid 
levels 

Chr. 2: 37,422,072–
37,592,628 

6.78 × 10−9 QPCT C2orf56, CEBPZ, PRKD3, 
SULT6B1 lincRNA 

  

Chr. 5: 101,581,848–
101,870,822 

9.03 × 10−9 SLCO6A1 lincRNA   

Chr. 3: 52,215,002–
53,175,017 

1.16 × 10−8 ITIH3 ALAS1, ALDOAP1, BAP1, 
C3orf78, DNAH1, GLT8D1, 
GLYCTK, GNL3, ITIH1, ITIH4, 
MIR135A1, MIRLET7G, 
MUSTN1, NEK4, NISCH, 
NT5DC2, PBRM1, PHF7, 
PPM1M, RFT1, SEMA3G, 
SFMBT1, SPCS1, STAB1, 
TLR9, TMEM110, TNNC1, 
TWF2, WDR82, lincRNA 

GLYCTK: D-
glyceric aciduria, 
mental 
retardation; 
RTF1: mental 
retardation; 
GWAS: 
adiponectin, 
height, waist-hip 
ratio 

Chr. 2: 145,139,727–
145,214,607 

1.19 × 10−8 ZEB2 – ZEB2: Mowat-
Wilson syndrome, 
mental 
retardation 

Chr. 2: 200,628,118–
201,293,421 

1.21 × 10−8 FONG C2orf47, C2orf69, SPATS2L, 
TYW5, lincRNA 

GWAS: 
osteoporosis 

Chr. 18: 52,722,378–
52,827,668 

1.22 × 10−8 (ENST00000565991.1
, 21 kb) 

lincRNA (TCF4)   

Chr. 2: 233,550,961–
233,808,241 

1.51 × 10−8 C2orf82 GIGYF2, KCNJ13, NGEF   

Chr. 1: 243,593,066–
244,025,999 

1.80 × 10−8 AKT3 CEP170   

Chr. 1: 243,418,063–
243,627,135 

2.53 × 10−8 SDCCAG8     

Chr. 12: 123,447,928–
123,913,433 

2.28 × 10−8 C12orf65 ABCB9, ARL6IP4, CDK2AP1, 
MIR4304, MPHOSPH9, 
OGFOD2, PITPNM2, RILPL2, 
SBNO1, SETD8, lincRNA 

C12orf65: mental 
retardation; 
GWAS: high-
density 
lipoprotein, 
height, head size 

Chr. 8: 89,188,454–
89,761,163 

3.33 × 10−8 Intergenic MMP16, lincRNA   

Chr. 5: 60,484,179–
60,843,706 

3.78 × 10−8 ENST00000506902.1 ZSWIM6, C5orf43, lincRNA  

aAdapted from Ripke et al.32. 
bThe gene within which an index SNP is located is given. For intergenic index SNPs, the 

nearest gene is given in parentheses 
cOther named genes in the genomic interval. 
d Data from the NHGRI GWAS catalog31, OMIM30, and a compilation of genes related to 

autism40 and mental retardation 30, 40, 41. No data means no Affymetrix U219 probe sets or 

low expression in peripheral blood. The CACNB2 association emerged when considering 

attention deficit/hyperactivity disorder (ADHD), autism, bipolar disorder, major depressive 

disorder and schizophrenia as affected42. 
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Genetic architecture 

Although subsequent PGC schizophrenia studies have identified an 

increasingly large number of genome-wide significant SNPs due to 

increased sample sizes, Visscher and colleagues estimated the 

contribution of SNPs robustly associated with schizophrenia to be less 

than one percent43. Despite the fact that additional loci have been found 

since then, this small percentage is in stark contrast with the 64-81% 

heritability range estimated by twin studies3, 24, 25 a discrepancy which 

has been coined the missing heritability44. This section examines several 

explanations for the missing heritability and discusses their implications 

for the genetic architecture of schizophrenia. 

One explanation for the missing heritability is model misspecification8, 45. 

According to this view the additive models often used to analyze genetic 

data are oversimplifications of the complex genetic architecture of 

schizophrenia. Additive models assume that the cumulative genetic 

effect of SNPs is the sum of the individual genetic effects. This 

assumption is convenient as it implies that heritability is the sum of 

genetic effects of individual SNPs. It also implies that no epistasis is 

present; i.e. no (statistical) interactions between genetic effects are 

assumed8, 46-49. However, if epistasis is present, heritability estimates 

based on family and twin studies could be overestimated instead of 

missing8. In this view, missing heritability is a problem of overestimated 

heritability in family and twin studies. 

The role of epistasis in missing heritability has been much debated8, 46-51. 

The problem with this debate is that it is currently impossible to 

empirically quantify the amount of epistasis as most epistatic models are 

too complex to estimate. The epistasis debate is therefore foremost a 
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philosophical debate. However, even if we do not believe the additive 

model to be strictly true, there are pragmatic reasons for using it. The 

additive model is currently the most parsimonious model to investigate 

genetic effects and has taught important lessons about the genetic 

architecture of complex diseases, as we will discuss next. 

Most other explanations for missing heritability assume the additive 

model to be valid and attribute the discrepancy in heritability either to 

unobserved variants or a lack of statistical power. First, a proportion of 

the causal variants might not be properly tagged by SNPs on current 

genotype platforms, which makes it difficult to detect their effects45, 46. 

This is especially true for SNPs with (very) rare variants (minor allele 

frequency < 1%). Extremely large sample sizes are required to reliably 

detect effects of rare variants even for relatively large effect sizes.  

Second, hundreds or thousands of common SNPs could have effect sizes 

too small to identify individually, but which cumulatively could explain a 

sizeable portion of the heritability45, 46. Although the common and rare 

variant hypotheses are often contrasted, both might be better viewed as 

two extremes of a continuum43. Ultimately it is the combination of 

sample size, allele frequency, effect size, and linkage equilibrium 

structure which determines the power to detect an individual causal 

variant. 

So far, only few rare variants affecting schizophrenia have been 

identified and none of those were disease-specific4. In contrast, several 

approaches have shown that many common variants with small effect 

sizes indeed comprise a sizeable proportion of the heritability. For 

example, risk score analysis, has shown the importance of (currently) 

non-significant SNPs. In polygenic risk score analysis6, the SNP effect 

sizes (i.e., logistic regression weights) from a discovery sample are used 
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to compute additive genetic risk scores and to predict disease status in 

an independent target sample. The effect sizes from a GWA analysis of 

8,831 schizophrenia cases and 12,067 controls (the PGC-1 schizophrenia 

sample) showed that a risk score based on all SNPs with a p-value below 

0.1 predicts 6% of the variance in a Swedish case-control target sample 

(based on Nagelkerke pseudo-R2), whereas a score based on SNPs with 

a p-value below 0.001 only resulted in a pseudo-R2 of 3%32. Given that 

the p-value threshold for genome-wide significance is 5x10-8, these 

results imply that many non-significant SNPs contribute to 

schizophrenia. In other words the missing heritability is, at least partly, 

hidden in thousands of non-significant SNPs with small effects. 

Although polygenic risk score analysis provides evidence for the 

importance of non-significant common SNPs, the pseudo-R2 does not 

provide an estimate of the total heritability contributed by these 

common SNPs. Genome-wide complex trait analysis (GCTA), a second 

approach, was explicitly designed to estimate the total heritability (on 

the liability scale) of complex traits based on common SNPs52-54. GCTA 

does so by implementing a linear mixed model (LMM). The LMM is an 

additive model with the additional assumption that the effect sizes on 

the liability scale of SNPs come from a normal distribution with mean 

zero. In other words, most SNPs are assumed to have a near-zero effect 

size. Under these assumptions, GCTA infers the total heritability 

contributed by all observed common SNPs, both significant and non-

significant. For the PGC-1 schizophrenia sample, GCTA estimated the 

heritability at 27% (s.e. 2%) assuming a population risk of 0.4%32. In 

the Swedish target sample, the heritability estimate was even 32% (s.e. 

3%), possibly due to higher genetic homogeneity in this sample32. 
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A third approach which illustrated the importance of common variants is 

approximate Bayesian polygenic analysis (ABPA)32, 55, 56. ABPA is an 

approximate Bayesian method which, like GCTA, estimates the 

heritability, but uses polygenic risk score analysis as a model. Note that 

in Bayesian statistics the credible interval is analogous but not equal to 

the well-known confidence interval in frequentist statistics. ABPA yielded 

a heritability estimate of 34% (95% credible interval 31%-37%) 

assuming a population prevalence of 0.4% for the PGC and Swedish 

samples combined32. In GWA studies it is customary to impute 

unobserved SNPs using a reference panel in which these SNPs are 

observed. In this case the Utah residents with ancestry from northern 

and Western Europe (CEU) reference panel from HapMap 357 was used 

for imputation. However, when the much denser CEU 1000 Genomes 

reference panel58 was used and a one percent population prevalence of 

schizophrenia was assumed the estimated heritability was even 50% 

(95% credible interval 45%-54%)32. Furthermore, unlike GCTA, ABPA 

can also estimate other parameters of interest. For example, it was 

estimated that 8,300 (95% credible interval 6,300-10,200) common 

independent SNPs contributed to the 50% heritability estimate32. 

Moreover, compared to other diseases such as rheumatic arthritis and 

celiac disease, the estimated effect sizes per SNP are smaller in 

schizophrenia32. 

In conclusion, all three approaches demonstrate that under the additive 

model a large part of the missing heritability can be explained. 

Depending on method, population prevalence, sample (size), and 

reference panel used for imputation, 52-78% of the missing heritability 

can be explained32. Hence, GWA studies have provided clear evidence 

that a sizeable proportion of the heritability in schizophrenia can be 

attributed to common SNPs while most individual effect sizes are too 
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small to be detected with current sample sizes. It is therefore expected 

that increasing sample sizes even further will continue to produce 

additional significant hits. Identifying the many genetic loci that 

contribute to schizophrenia is only a first step, however. The next 

challenge will be to investigate to what extent these hundreds or 

thousands of schizophrenia SNPs point towards common pathways4. 

Genetic overlap with other disorders 

GWA studies  not only support the contribution of genetic factors to the 

risk of developing schizophrenia, but also point towards pleiotropy, a 

shared genetic basis with other diseases. For example, a cross-disorder 

study by PGC identified four different genome-wide significant loci (see 

Figure 1) associated with disease in a large cross-disorder meta-analysis 

in which schizophrenia, bipolar disorder, major depressive disorder, 

autism spectrum disorder, and attention deficit-hyperactivity disorder 

PGC samples were combined42. The associated SNPs were located on 

chromosome 3p21 and 10q24, and on two L-type voltage gated calcium-

channel subunits (CACNA1C and CACNB2). Earlier, Huang et al.59 also 

performed a cross-disorder GWA analysis of schizophrenia, bipolar 

disorder, and depression and identified a genome-wide significant SNP 

(rs6484218) near the adrenomedullin (ADM) gene which was most 

strongly associated with bipolar disorder II. These cross-disorder 

findings are in line with the evidence from family studies that, for 

example, schizophrenia and bipolar disorder have a common genetic 

basis3. 
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Figure 1. Manhattan plot of cross-disorder meta-analysis. Horizontal line 
represents genome-wide significance threshold (p<5×10-8). Copied with 
permission from Smoller et al.42. 

However, due to the relatively small number of significant hits in 

schizophrenia GWA studies, it is no surprise that a cross-disorder meta-

analysis only results in a few genome-wide significant associations. 

Polygenic risk score analysis can also be applied to estimate the extent 

of genetic overlap between disorders. For example, the cross-disorder 

group of the psychiatric genetics consortium performed a risk score 

analysis using the PGC-I schizophrenia sample as a discovery sample 

and the PGC samples for bipolar disorder (BD), major depression 

disorder (MDD), autism spectrum disorder (ASD), and attention deficit-

hyperactivity disorder (ADHD) as target samples42. If there is no genetic 

overlap between schizophrenia and bipolar disorder, polygenic risk 

scores based on a schizophrenia sample should not predict disease 

status in bipolar disorder. However, if many SNPs affect the liability for 

both schizophrenia and bipolar disorder, a polygenic risk score based on 

schizophrenia liability will predict bipolar disorder. 
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This is indeed what has been found42. Schizophrenia risk scores based 

on SNPs with p-values < 0.3 explained more than 2% of the variance in 

BPD status (Nagelkerke R2), which was highly significant (p < 10-16). 

The same analysis for MDD resulted in a predictive value of 0.8%, which 

was also highly significant (p < 10-16). Early onset psychiatric diseases 

such as ASD and ADHD showed much less genetic overlap with 

schizophrenia: 0.1% for ASD (p<0.05) and 0.0% for ADHD (p>0.05). 

Note that these results refer to overall genome-wide genetic overlap. 

For example, the low genetic overlap between schizophrenia and ASD 

does not preclude genetic overlap of small effect size at specific sites 

such as reported by Voineskos and colleagues60. Although a genome-

wide analysis of genetic overlap does not specify the location of 

contributing SNPs, a pathway analysis for all five diseases combined 

revealed significant enrichment for a set of calcium channel activity 

genes. More precise mapping of gene pathways affected in 

schizophrenia is expected as increasingly large sample sizes allow better 

distinction between relevant and non-relevant SNPs. 

Similar to polygenic risk score analysis, GCTA can also be used for 

cross-disorder genetic studies2. Generalizing the linear mixed modeling 

(LMM), not only the heritability of a single disease can be estimated, but 

also the coheritability of two diseases. Note that coheritability is a 

measure of genetic overlap which depends not only on the correlation 

between genetic effects, but also on the individual heritabilities. In other 

words, a low coheritability can be due to low correlation in genetic 

effects as well as low heritabilities in either disease. The coheritabilities 

of schizophrenia and BPD (15%, s.e. 1%), MDD (9%, s.e. 1%), ASD 

(3%, s.e. 1%), and ADHD (2%, s.e. 1%) estimated by Lee et al.2 are 

shown in Figure 2 and followed the same pattern as the results from 

polygenic risk score analysis. 
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Figure 2. SNP-based heritabilities and coheritabilities with 95% confidence 
interval for five psychiatric disorders: attention deficit hyperactivity disorder 
(ADHD), bipolar disorder (BPD), schizophrenia (SCZ), major depression disorder 
(MDD), and autism spectrum disorder (ASD). Adapted from Lee et al.2. 

The evidence of a genetic overlap between schizophrenia and bipolar 

disorder that has been provided by family studies3, has been confirmed 

in cross-disorder GWA studies. However, analogous to identifying the 

loci contributing to the heritability of schizophrenia, the evidence for 

pleiotropy in psychiatric diseases provides a challenge to identify the loci 

involved and to establish which common biological pathways these 

diseases have in common61. 

Conclusions 

Family, twin, and GWA studies have provided clear evidence that genetic 

factors play an important role in the onset of schizophrenia. Moreover, 

genetic studies have contributed hugely to a better appreciation of the 

complexity of the genetic architecture of schizophrenia. Not only is it 

now evident that many different loci affect schizophrenia; many of these 

loci are expected to contribute to the risk of other psychiatric diseases 

as well. However, many challenges need to be overcome for a thorough 

understanding of the etiology of schizophrenia. First, many more loci 
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affecting schizophrenia need to be identified. Second, to understand the 

biological processes behind schizophrenia it is important to establish the 

common pathways that contribute to schizophrenia. Third, to biologically 

differentiate schizophrenia from, for example, bipolar disorder it is 

necessary to further investigate the similarities and dissimilarities in 

biological pathways between both diseases.  

Nonetheless, the coordinated effort of PGC to continuously increase 

sample sizes promises to mitigate some of the statistical challenges in 

genetic studies. Although it is not feasible to identify all loci, Ripke et 

al.32 propose a goal for the field to identify the top 2,000 loci for 

schizophrenia. Furthermore, especially for follow-up studies, next-

generation sequencing allows more precise mapping of the location of 

causal common SNPs62. Similarly, family studies based on next-

generation sequencing might reveal large rare effect loci which may not 

contribute much to the heritability, but could provide important clues 

about the biological processes behind schizophrenia. Finally, other types 

of genomic information, such as CNVs63, expression data64, and 

epigenetic factors65, might provide additional biological insight into the 

etiology of schizophrenia.  

Due to the unknown etiology of psychiatric diseases, classification of 

psychiatric disorders has traditionally been based on clinical observation. 

By solving the genetic puzzle behind schizophrenia and other psychiatric 

disease, genetic studies would complement the traditional classification 

with an alternative classification based on etiological coherence instead 

of phenotypic coherence. Such a break-through would allow 

development of drugs that target specific pathways identified for 

schizophrenia. Therefore genetic studies will continue to play an 

important and exciting role in schizophrenia research. 
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Abstract 

There has been an increasing interest in the identification of genetic 

variants causing individual differences in human behavior. Social 

scientists may contribute to the genetics field by defining the most 

important behavioral characteristics and by studying the association 

between genetic variants and behavioral differences within 

phenotypically well-characterized samples. These samples are typically 

limited in size and are therefore not suitable for a genome-wide 

association analysis. Instead, candidate gene association studies focus 

on a few candidate genes, allowing smaller sample sizes. However, the 

selection of candidate genes is not always straightforward and social 

scientists will usually have a limited background in genetics. We aim to 

fill this gap by i) providing a basic introduction to genetics; ii) showing 

how the selection of genes of interest can be optimized by the use of 

two web tools: Polysearch and Gene Prospector; and iii) illustrating how 

statistical power analyses can be performed and discussing the 

importance of sufficiently powered studies. This guide can help social 

scientists with limited experience in genetics in designing candidate 

gene studies that allow identification of specific behavioral, cognitive, or 

neural correlates of genetic risk variants, while avoiding common 

pitfalls.  
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1. General introduction 

Since the early 1990s, there has been a rapidly increasing interest in the 

identification of genetic variants causing individual differences in human 

behavior. Genetic research has moved forward quickly with initiatives 

such as the international HapMap project 

(http://hapmap.ncbi.nlm.nih.gov/)66 describing the common patterns of 

human DNA sequence variation and the 1000 genomes project 

(http://www.1000genomes.org/)67 providing a map of both common 

and rare genetic variations. The costs of genotyping have decreased 

substantially over the years, making genetic research accessible for 

many researchers, including those for whom genetics is not their 

primary expertise. For example, social scientists have aimed to 

investigate which genetic variants are associated with complex traits, 

including drug and alcohol dependence, schizophrenia, and depression68. 

This type of research is important to obtain more insight into the 

etiological nature of behavioral differences across subjects and to 

understand why some individuals are more vulnerable to suffer from 

mental disorders than others. The specific behavioral characteristics of 

an individual, caused by the expression of genes, the influence of 

environmental factors, and the interactions between the two, is referred 

to as the individual’s phenotype. The contribution of social scientists to 

the genetics field is important, since studies in the social sciences often 

provide access to populations with detailed information on the 

phenotype. Therefore, the results of these studies may provide 

increased insight into specific behavioral, cognitive, or neural correlates 

of genetic risk variants. 

This review provides a guideline to researchers who wish to incorporate 

genetics into their studies but do not have a formal background in 
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genetics. We will first introduce some basic concepts used in genetics 

(section 2). As explained more extensively in section 3, we will focus 

specifically on candidate gene studies, since genetic studies in the social 

sciences are usually small, whereas large sample sizes are required for 

genome-wide association studies (GWAs). In section 4 we will illustrate 

how the vast amount of information that is available in public databases 

can be used to select candidate genes. Text mining software has been 

developed to facilitate searching through the enormous literature. Other 

tools provide access to findings from previously conducted genetic 

studies or allow the selection of candidate genes based on known 

protein-protein interactions. However, these tools are usually presented 

in great technical detail in dedicated bioinformatics journals and may 

therefore be less accessible to non-geneticists. Furthermore, because of 

the high speed with which novel tools are introduced, it is a challenge to 

select tools that are useful for a specific purpose. We will therefore 

provide a practical guide and some illustrations to facilitate the use of 

such tools in the appendix of this article. Designing a genetic study also 

requires considerations about sample size in order to have sufficient 

statistical power. Therefore, we explain in section 5 how genetic power 

calculations can be performed; this section includes illustrations and 

practical examples. When one or multiple candidate genes have been 

identified, the next step is the selection of genetic variants (i.e., 

polymorphisms) as will be discussed in section 6. In the final section we 

further discuss the implications of performing candidate gene studies in 

the post GWAs era. To improve the readability of this article, practical 

guidelines for using the web tools discussed in this article will be 

provided in an appendix. 
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2. DNA: The basis of heredity 

Deoxyribonucleic acid (DNA) is our genetic material. The complete set of 

DNA is called the genome and consists of 23 pairs of chromosomes 

inside the nucleus of all somatic cells of the human body (Figure 1). 

DNA is composed of four different molecules, called nucleotides or 

bases: adenine (A), cytosine (C), thymine (T) and guanine (G)69. DNA is 

structured in a double helix strand. The two strands are paired in such a 

way that adenine always pairs with thymine (A-T) and guanine always 

pairs with cytosine (G-C), forming base pairs. The two strands are 

complementary to each other and thus contain essentially the same 

information. Consequently, when determining a person’s genotype it is 

only necessary to investigate the base-pair sequence at a single strand. 

Furthermore, genes are regions of DNA that encode information needed 

for the production of proteins. To decode this genetic information into 

proteins, DNA is first transcribed into messenger ribonucleic acid 

(mRNA), which is subsequently translated into proteins (Figure 2). 

Proteins consist of amino acids and are the working forces of the cells 

that create and break down the molecules in an organism. The 

nucleotides in the DNA direct the synthesis of proteins by dictating the 

sequence of amino acids of which the protein is composed69. Three 

nucleotides code for one specific amino acid. Only one percent of the 

genome is translated into protein; this is called the exome. The 

remaining part of the genome does not directly code for proteins, but is 

likely to be relevant in regulating the transcription of the coding parts of 

DNA into RNA and protein70. 
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Figure 1. Organization of DNA in the nucleus of the cell. Reprinted from the 
National Human Genome Research Institute 
http://www.genome.gov/glossary.cfm. 
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Figure 2. From DNA to proteins. The processes of transcription and translation. 
Reprinted from the National Human Genome Research Institute 
http://www.genome.gov/glossary.cfm. 

Genetic polymorphisms 

Genetic studies typically aim to identify genetic variants that contribute 

to phenotypic differences between individuals. Therefore, these studies 

focus on locations on the DNA at which the sequence of base-pairs is 

different across individuals. Such locations of genetic variation are called 

polymorphisms and the possible variants of a polymorphism are referred 

to as alleles. The frequency at which alleles occur in a population is 

often represented as a function of the frequency of the least common, 

or minor allele (minor allele frequency; MAF), which is one of the 

primary characteristics of polymorphisms. Polymorphisms with a MAF < 

0.05 are considered to be low-frequency, or rare variants while those 

with a MAF > 0.05 are generally referred to as common variants.  
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In the human genome, different types of polymorphisms exist. These 

include genetic substitutions, insertions, deletions, duplications, 

inversions, and translocations69. Substitutions of a single nucleotide by 

another nucleotide are called single nucleotide polymorphisms (SNPs) 

(Figure 3). This type of polymorphism is most widely studied in the 

study of complex human traits. Genetic polymorphisms can also involve 

larger parts of the genome. For example, variable number tandem 

repeats (VNTR) are polymorphisms consisting of multiple nucleotides 

that are repeated multiple times, while the amount of repetition varies 

among people71. 

Genetic variants may cause loss or change of gene function, which in 

turn can alter phenotypes and increase disease risk72. To illustrate this 

with an example, a VNTR located in the serotonin transporter (SERT) 

gene (SLC6A4), has been associated with many phenotypes, ranging 

from psychiatric disorders, such as alcoholism, obsessive compulsive 

disorder, and depression to cognitive and social functioning73, 74. The 

SLC6A4 gene may well be the most studied polymorphism in the social 

sciences75. 

 

Figure 3. Schematic representation of a single nucleotide polymorphism (SNP). 
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Genetic markers and the concept of linkage disequilibrium 

Two alleles, i.e. variants of polymorphisms, are in linkage disequilibrium 

(LD) if they are not inherited independently but are often transmitted 

together within families. Generally, alleles which are located close 

together at the same chromosome will show stronger linkage 

disequilibrium. Linkage disequilibrium allows us to obtain information 

about the role of causal variants across the whole genome by 

genotyping a relatively small subset of the polymorphisms, called 

genetic markers77. A marker is a genetic polymorphism that is known to 

have multiple alleles in the population, but is not necessarily directly 

associated with the expression of a phenotype. Despite the lack of a 

direct association, it may be indirectly associated with a phenotype if the 

marker is transmitted together with a causal genetic variant, thus being 

in LD. Therefore, these markers can be thought of as little flags on the 

genome that mark the spots at which a causal genetic variant (i.e., a 

variant that is directly associated with the expression of a phenotype) 

can be present. Genetic markers are crucial in genetic linkage and 

association studies, since they allow for the detection of causal genetic 

variants (i.e., trait loci) which are in linkage disequilibrium with the 

marker77. In genome-wide association studies the association between 

millions of SNPs and the phenotype of interest is investigated. Because 

these SNPs are in linkage disequilibrium with nearby genetic variants, a 

GWAs tests for the involvement of the vast majority of the common 

genetic variants throughout the genome. 

Population stratification 

Population stratification is the presence of a systematic difference in 

allele frequencies between population subgroups with a different ethnic 

background. To avoid spurious associations it is important to carefully 

match cases and controls based on ethnicity. Ethnic diversity may be 
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large (e.g., Caucasian vs. Asian), but more subtle differences exist and 

population stratification has also shown to be present within Caucasian 

populations in Europe78. In GWAs information from millions of SNPs is 

available. It is therefore relatively straightforward to correct for 

population stratification by studying allele differences between 

subpopulations. In candidate gene studies, for which usually few genetic 

variants have been genotyped, it is difficult to control for ethnic 

differences. Therefore ethnic background should be carefully assessed, 

for example through registration of ethnicity of participant and their 

(grand)parents and analyses should be based on an ethnically 

homogeneous group. 

3. Candidate gene studies in the genome-wide 

association era 

GWAs is currently the most common approach for the search of novel 

genetic variants, although other genome-wide approaches, including 

whole-exome sequencing (i.e., genotyping all bases in the coding 

regions of the genome) and whole genome sequencing (i.e., genotyping 

all bases of the entire genome) are becoming increasingly popular. 

GWAs is a study design in which associations between a disease of 

interest and millions of common variants across the whole genome are 

tested. The GWAs catalog (http://www.genome.gov/gwastudies/) 

archives the results from genome-wide association studies that include 

at least 100,000 single nucleotide polymorphisms (SNPs) which are 

associated with a disorder at a significance level of p<1.0x10-5 79. This 

type of research has revealed new insights into the pathogenesis of 

psychiatric traits, including schizophrenia, autism spectrum disorders, 

attention deficit hyperactivity disorder, major depressive disorder, and 

bipolar disorder2. The general picture that emerges from these studies 
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has been reviewed by Sullivan and colleagues4. The authors highlight 

several of the successes in GWAs, but also acknowledge that more time 

is needed until the findings can be incorporated in clinical practice. They 

conclude that we are “at the end of the beginning, not the beginning of 

the end”. 

Despite the popularity of GWAs, we argue that candidate gene studies 

are still important. Candidate gene studies are not only useful for the 

identification of hypothesis-driven genetic associations, but can also be 

applied to find specific phenotypic characteristics associated with novel 

genetic variants identified in GWAs. The primary strength of candidate-

gene studies is that they can be conducted in relatively small samples. 

Because of the strict correction for multiple testing that is required to 

avoid false-positive findings, GWAs is not the preferred design for small-

scaled studies. To correctly account for the large number of statistical 

tests in genome-wide studies, a significance level of 5x10-8 was shown 

to effectively control type-I error rate80, 81. Therefore multiple testing 

correction results in low statistical power to detect true effects. Using a 

hypothesis-driven approach by focusing on candidate genes limits the 

number of statistical tests and allows for a less stringent multiple testing 

correction. Furthermore, even though GWAs has resulted in the 

detection of genetic variants that are statistically associated with a 

disease, the biological role of these novel variants is often unknown. 

Genetic risk factors are often located in intergenic regions and may be 

associated with a disease through regulation of gene expression levels82. 

It is therefore not trivial to discover the functional role of a genetic 

variant that is statistically associated with a disorder. Candidate gene 

studies conducted in small-scaled samples in which extensive 

phenotypic information has been collected can contribute to elucidating 

the underlying biological processes. A practical advantage of candidate 



 

46 

gene studies is that the genotyping cost per person may be relatively 

small. Genotyping 96 SNPs for 480 persons will cost ~$50 per person 

(e.g., dna.cchmc.org), while genotyping ~300,000-500,000 SNPs will 

cost ~$300 per person83.  

Because of these advantages, it is likely that the candidate gene 

approach will continue to be widely used; especially by researchers 

outside the field of genetics. In the following sections we therefore 

provide guidelines for selecting candidate genes and warn about 

potential pitfalls when conducting a candidate gene study. 

4. Identification of candidate genes 

As previously mentioned, selecting candidate genes may be guided by 

the use of web tools that combine information from GWAs, reviews, 

meta-analyses, and other genetic studies testing the association 

between the trait of interest and specific polymorphisms. The following 

section provides a brief description of two web tools that facilitate the 

selection of candidate genes. Appendix 1 provides a tutorial, explaining 

in detail how to use these tools. 

Choice of web tools 

Based on the overview provided by “A guide to web tools to prioritize 

candidate genes”84, we have chosen to use the two web tools Gene 

Prospector 

(http://www.hugenavigator.net/HuGENavigator/geneProspectorStartPag

e.do) and PolySearch (http://wishart.biology.ualberta.ca/polysearch). 

These tools are both user friendly and suitable for finding promising 

candidate genes84. The choice of these specific tools is based on the 

type of web resources used in their search (literature and text mining), 
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the fact that the output genes are prioritized, and because they allow for 

searching the genome based on a keyword such as a disease name or a 

set of keywords related to a disease. Furthermore, both tools allow for 

genome-wide searching, which is required if no candidate gene sets are 

known prior to the investigation. Gene Prospector searches for human 

genes in relation to a disease phenotype, other related phenotypes, or 

risk factors. It selects and ranks candidate genes based on a literature 

search of genetic association studies and thus relies exclusively on text 

mining84, 85. PolySearch selects and analyses relationships between 

diseases, genes and other pathways using several biomedical databases 

(e.g. Entrez SNP, OMIM, HapMap)66, 86, 87. Both tools complement each 

other and it is therefore advised to use them together and to combine 

the information for obtaining a more comprehensive overview of the 

available candidate genes. 

Example 

To illustrate the use of these web tools we used “alcohol dependence” as 

an example input phenotype. The web tools then provide a table with all 

genes associated with alcohol dependence in the literature. Since both 

web tools use different search algorithms (see Appendix 1), combining 

the output of both tools will lead to a more comprehensive list of 

possible associations. When comparing the top twenty hits from both 

tables, in this example, twelve genes overlap (see Table 1). Since text 

mining tools can easily produce false positive associations, the findings 

need to be manually inspected to verify whether these are likely to 

represent true associations. False positive associations can occur for 

example when a gene is listed as important solely because it is 

mentioned in the abstract of a GWAs, while significant findings with that 

gene are not necessarily present. The UCSC Genome Browser 

(https://genome.ucsc.edu/) and links to relevant meta-analyses 
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provided by Gene Prospector can be used for the manual curation of top 

results (see Appendix 1, Figure S3 and Table S2 for a more detailed 

description of this follow-up search). 

Table 1. Candidate genes for alcohol dependence according to Gene Prospector 
and Polysearch. 

Gene Prospector Polysearch Overlap 
ALDH2 OPRM1 ADH1B 
ADH1B GABRA2 DRD2 
DRD2 5HTT OPRM1 
SLC6A4 ADH1B GABRA2 
ADH1C   DRD2 SLC6A3 
OPRM1 BDNF ALDH2 
GABRA2 HTR1B HTR2A 
SLC6A3 SLC6A3 COMT 
CYP2E1 ANKK1 HTR1B 
HTR2A CHRM2 ADH4 
COMT ADH1C ANKK1 
MAOA ADH4 BDNF 
HTR1B PDYN  
DRD4 ALDH2  
ADH4 ADH  
ANKK1 NPY  
TPH1 COMT  
HTR1A HTR2A  
BDNF GATA4  
MTHFR SNCA  

5. Statistical power 

In the previous section we illustrated the selection of candidate genes 

with alcohol dependence as an example phenotype. Suppose we have 

identified the ADH1B gene as one of the most interesting candidate 

genes for a genetic study in which we aim to identify genetic variants 

that influence cognitive impairment in patients with alcohol dependence. 
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In practice, we would test polymorphisms within or close to ADH1B. 

Although it may be tempting to test all polymorphisms within this gene, 

small sample sizes in candidate gene studies force us to limit the 

number of variants to achieve sufficient statistical power. It is therefore 

important to determine in advance how much power we can expect 

given our sample size, the number of genetic variants included in the 

study, the minor allele frequency, and other study characteristics. 

In this section we will focus on the impact of effect size, sample size, 

and the number of tests on statistical power. Although not explicitly 

investigated here, power depends on other factors as well, such as the 

minor allele frequency of a genetic variant. Rare genetic variants are 

much more difficult to detect than common variants, since the statistical 

power to detect significant association with such variants is low, unless 

the effect size is very large88. Similarly, for case-control samples it is not 

only the total sample size that matters, but also the relative number of 

cases and controls. Because an equal number of cases and controls 

results in optimal power, increasing the smallest subgroup (i.e., cases or 

controls) in size will have the biggest impact on power. 

The Genetic Power Calculator by Purcell and colleagues89 

(http://pngu.mgh.harvard.edu/~purcell/gpc/) is a useful online tool to 

perform genetic power calculations based on specific study 

characteristics. Appendix 2 describes in detail how to perform a power 

analysis with the Genetic Power Calculator. Here, we will illustrate the 

importance of performing a power analysis for both quantitative trait 

studies with continuous variables and case-control studies with 

dichotomous variables. For simplicity, we assume that analyzed SNPs 

are independent causal variants with no other causal variants in LD. 

First, assuming we want to test whether ADH1B is associated with a 
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quantitative trait such as cognitive performance (IQ) in alcohol 

dependent patients, how many independent genetic variants in ADH1B 

can we realistically test? As an effect size measure, we define the 

heritability explained by a genetic variant as the variance in phenotype 

(i.e., IQ) explained by the variation by that particular variant. Figure 5 

illustrates three important factors determining statistical power: 

heritability explained by a genetic variant, sample size, and the number 

of genetic variants included in the study. The heritability explained by 

single genetic variants associated with quantitative phenotypes is 

typically smaller than <1%, even if the heritability of the phenotype is 

large. Figure 5 shows the power to detect associations for different 

scenarios, assuming genetic variants have a minor allele frequency of 

0.25. Even if a genetic variant has a heritability of 1% and sample size 

is 400, the power to detect an association is only 50%. If we choose to 

test 10 independent genetic variants with similar effect sizes and correct 

for multiple testing, the power drops to 20%. 

Second, for phenotypes that are not quantitative but dichotomous, a 

similar picture emerges. Suppose we want to test whether ADH1B is 

associated with a dichotomous trait such as cognitive impairment in 

alcohol dependent patients, assuming a population prevalence of 1%, 

minor allele frequencies of 0.25 and a sample case-control ratio of 1. 

Figure 6 shows the power to detect genetic associations in such a case-

control study. This time the effect size measure is the odds ratio. If the 

odds ratio were 1.5, which is a relatively large effect size, a case-control 

sample with 200 cases and 200 controls would achieve a power of 70% 

for testing a single variant. However, when testing 10 independent 

variants genetic power decreases to 50% due to multiple testing 

correction. As Figure 6 shows, statistical power is somewhat lower at 
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higher prevalence, but is mostly affected by the effect size, sample size, 

and number of genetic variants to test. 

The above examples illustrated the results of power analyses for 

relatively large effect sizes. Although it is difficult to know in advance 

which effect size to expect, results from GWAs suggest effect sizes are 

often small. Significant odds ratios in case-control studies typically 

range between 1.1 and 1.4 and are most often found in the lower end of 

the range90, 91. For quantitative traits, genetic variants with a heritability 

of 1% are extremely rare, and even a heritability of 0.5% can be 

considered large91. As the power plots show, small samples will typically 

not yield sufficient power of 80% for genetic testing, especially if many 

independent genetic variants are being tested. In practice, testing the 

involvement of a large number of genetic variants with small effect 

sizes, requires sample sizes in the order of thousands to achieve 

sufficient power. Sample sizes in the order of hundreds are only 

acceptable if few, relatively frequent genetic variants are tested for 

which strong associations with similar phenotypes of interest have been 

reported in previous studies. 
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Figure 5. Power in quantitative trait studies. Power is shown as a function of 
sample size, number of SNPs tested, and heritability (h2) of the genetic variant. 
Minor allele frequency is fixed at 0.25. Tested SNPs are assumed to be 
independent causal variants with no other causal variants in LD. 
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Figure 6. Power in case-control studies. Power is shown as a function of sample 
size, number of SNPs tested, prevalence (prev), and odds ratio (OR). Minor allele 
frequency is fixed at 0.25 and case-control ratio is one. Tested SNPs are assumed 
to be independent causal variants with no other causal variants in LD. 
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6. From gene to polymorphism 

In section 4 we have discussed several tools which can be used to guide 

the selection of a set of candidate genes. This is not the endpoint of 

designing a genetic study, since we are now faced with the next step: 

the selection of genetic polymorphisms. Understanding which genes 

contribute to a disorder requires genotyping and investigating those 

genetic variants that explain phenotypic variation in the population. In 

section 5 we have discussed the importance of determining in advance 

how many polymorphisms can be analyzed. In this section we discuss 

which polymorphisms to select. Selecting polymorphisms within a 

specific gene of interest is not always as straightforward as it may 

seem. We will discuss two scenarios and will describe some of the 

important aspects on the selection of polymorphisms. However, this is a 

complex topic, and it is beyond the scope of this article to provide a 

comprehensive guide. For a more thorough discussion of this topic, we 

refer the reader to a review by Patnala and colleagues92. 

Scenario 1: Selecting genetic polymorphisms based on known 

genetic associations 

First, we will discuss the selection of polymorphisms for genes which are 

selected because genetic variants in or near these genes have 

previously been found to be associated with the disorder of interest. For 

example, a GWAs has shown that the SNP rs6943555 in the AUTS2 gene 

is associated with alcohol consumption92. We may therefore be 

interested in the role of AUTS2 in the brain reward system and aim to 

investigate this gene in a candidate gene study in which functional 

neuroimaging data is available. In this example, the choice for a 

particular polymorphism can be based on the previous GWAs results; we 

can simply select the genetic variant that was reported to be most 
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strongly associated with the disorder in the original publication. If 

multiple genetic variants have been reported in the original paper, it 

depends on the amount of genetic correlation (linkage disequilibrium) 

whether all of these variants or a specific subset should be selected for 

further investigation. 

Scenario 2: Selection genetic polymorphisms based on indirect 

evidence 

Much more complex is the second scenario, in which a gene of interest 

was selected not because of the presence of significantly associated 

variants in this gene, but as a result of indirect evidence. For example, 

protein-protein interaction analyses may show that the product (protein) 

of a gene physically interacts with the protein of a well-known candidate 

gene for the trait of interest and we may therefore hypothesize that the 

novel gene is also associated with the trait. In this scenario, there are 

no specific polymorphisms which are highlighted in this gene, but 

instead, the entire gene is the unit of interest. Nevertheless, when 

designing a genetic study, we need to select one or multiple genetic 

polymorphisms. We will make recommendations on how to proceed, 

although no simple guidelines are yet available, and consulting a 

geneticist may be crucial. 

One possibility is to sequence the coding regions of the gene of interest. 

Targeted sequencing of candidate genes is technically feasible and the 

costs will be relatively low, in the order of 10 to 20 dollars per gene. 

However, the number of statistical tests will be large, due to the large 

number of variants that will need to be tested. A second option is to 

select genetic polymorphisms which influence the expression levels of 

the gene of interest: expression quantitative trait loci (eQTL). For this 
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purpose, publicly available expression quantitative trait loci (eQTL) 

data93 can be used for the selection of relevant polymorphisms. 

Relevant characteristics of genetic polymorphisms 

Below, we will briefly describe some of the characteristics that are 

important to consider when selecting genetic polymorphisms, including 

the frequency of the alleles in the general population and ethnic 

variability of the SNP. Information on these characteristics can be 

obtained from dbSNP (http://www.ncbi.nlm.nih.gov/SNP/)94. 

As we discussed in section 5, the statistical power to detect significant 

associations will be lower for variants with a low minor allele frequency. 

Therefore, selection of variants with relatively high (e.g., >0.2) minor 

allele frequency is generally preferred. Furthermore, the minor allele 

frequency of genetic polymorphisms may differ across ethnic 

populations (i.e., population stratification) and this may lead to false-

positive associations95. For example, a polymorphism (5-HTTLPR) in the 

serotonin transporter gene (SLC6A4), an extensively studied genetic 

variant, shows large allele frequency differences across European and 

Asian populations96. For such variants, ethnic differences may lead to 

spurious findings if ethnicity is correlated with the phenotype of interest. 

Generally, it is advised to include only participants from the same ethnic 

background, but more subtle ethnic differences are difficult to rule out. 

Therefore, ethnic variability in minor allele frequency is something to be 

aware of when selecting a genetic polymorphism.  

Finally, publicly available data of the ENCODE study70 contains 

information on the existence of functionally relevant markers at a 

specific genomic location. The different types of functional variation may 

be useful for evaluating the relevance of a specific genetic 
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polymorphism. For example, if transcription factors bind to a specific 

genomic location, it is more likely that this locus has a functional role. 

7. Discussion 

In this article we have provided practical guidelines on how to select 

genetic variants for a candidate gene association study. We have shown 

how the selection of candidate genes can be informed by the use of two 

bioinformatics tools: PolySearch and Gene Prospector. Power analyses of 

binary and continuous traits were conducted for a range of effect sizes 

and sample sizes. Finally, we have discussed some of the relevant 

aspects of the selection of specific genetic polymorphisms for a specific 

gene. 

PolySearch and Gene Prospector are bioinformatics tools which combine 

information from different resources to obtain a ranking among possible 

genes for a specific trait of interest. In this article, we have illustrated 

the application of these tools using alcohol dependence as an example. 

A high overlap was observed; 12 genes are included in the top twenty of 

both tools. However, discrepancies are also clearly present, which 

illustrates the importance of using multiple tools for the selection of 

candidate genes. Manual evaluation of the top results is essential, and is 

greatly facilitated by these tools since it is rather straightforward to 

obtain detailed insight in the supportive evidence (e.g., links to the 

results of meta-analyses) and to evaluate the validity of these results.  

The statistical power analyses showed that for the range of effect sizes 

most commonly reported in genetic studies of complex traits, sample 

sizes of a few hundred subjects are not sufficient in case-control designs 

or population sampling of continuous phenotypes. In genome-wide 
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association studies sample size has been scaled up from thousands to 

tens of thousands of subjects, resulting in the first genome-wide 

significant associations (see review of Visscher and colleagues97). We 

show here that the same is true for candidate-gene studies, in which 

only a few genetic variants are tested. Instead of sample sizes of ~50 to 

~200 cases, we expect that candidate gene studies should include at 

least 500 subjects, unless few genetic variants with relatively large 

effect sizes are tested. We emphasize that performing an underpowered 

study is similar to a speculative investment. We might be fortunate and 

find a significant result, but a research grant can probably be spent 

better. While a non-significant result in a well-powered study (power 

>80%) at least indicates that the true effect is probably smaller than 

you expected, the same result in an underpowered study does not 

provide information and is a waste of money. We therefore advise to 

specify a reasonable expected effect size in advance, perform a power 

analysis, and, if necessary, to limit the number risk variants tested to 

achieve sufficient power. 

In addition to limiting the number of genetic polymorphisms in the 

study, there are several other ways to improve the statistical power. 

First, the statistical power to detect genetic variants with low frequency 

in the population can be increased by using linkage analysis within a 

family design98. In linkage analysis, one or more extended families are 

analyzed to identify genetic regions that are passed together with the 

phenotype to the next generation. However, the genetic regions that are 

identified with linkage analysis are relatively large, compared to the LD 

regions identified in GWAs. Therefore, additional analyses will be 

required to identify the causal genetic variants. Another way to increase 

power is the use of polygenic risk score analysis6, 99, 100. In this type of 

analysis, multiple genetic variants are combined to create a single 
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polygenic risk score. Association between this risk score and the 

phenotype is then tested. Instead of identifying the individual 

contribution of each genetic variant, a polygenic risk score analysis 

identifies the cumulative contribution of multiple genetic variants to the 

phenotype of interest.  

Third, statistical power largely depends on effect size and some argue 

that the statistical association between genetic variants and 

endophenotypes might be stronger than those seen for the association 

with clinical diagnosis68. Endophenotypes are biological phenotypes, 

such as functional neuroimaging measures, which are more directly 

regulated by gene expression compared to behavioral phenotypes. For 

example, Mier and colleagues have conducted a meta-analysis testing 

the association between the Val158Met (rs4680) in the COMT gene 

(rs4680) and prefrontal activation and reported a large effect size 

(d=0.73; corresponding to 12% explained variance)101. However, Flint 

and Manufò102 argue that the genetic architecture of endophenotypes 

might not be easier to dissect than that of traditional phenotypes. 

Finally, although individual candidate gene studies should be sufficiently 

powered, meta-analysis can be an excellent tool both in genome-wide 

association studies and candidate gene studies to further increase power 

and reduce false-positive findings by statistically synthesizing the 

findings of multiple independent studies to calculate combined effect 

sizes103. Using funnel plots, meta-analysis can also provide insight into 

the extent of publication bias, caused by the preferential publication of 

positive associations compared to null findings104. 

Although we advise to limit the number of variants in a traditional 

association analysis, this does not necessarily imply that we have to 

limit the genotyping to a few genetic variants in each study. As argued 
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by Dick and colleagues, genotyping is far more cost-efficient when 

conducted at a large scale83. The cost per genetic marker decreases 

sharply as the number of markers increases. Custom-designed 

genotyping chips that allow genotyping of hundreds of thousands 

specifically selected genetic markers provide an excellent alternative for 

single-SNP genotyping. For example, the company Illumina has recently 

developed a genotyping chip containing, among others, genetic markers 

that have been implicated in psychiatric disorders. This chip will cost 

less than 70 US dollars per person and includes more than 240,000 

common genetic markers, more than 240,000 rare genetic variants, and 

50,000 genetic variants selected because of their potential role in 

psychiatric disorders based on the input of several experts in the field of 

psychiatric genetics (www.illumina.com/products/psycharray.html). This 

psych-chip covers a large proportion of the common variation across the 

genome and of the rare genetic variation in the coding parts. 

The advantages of using such a genotyping chip are three-fold. First, if 

broad genotyping data are available, it becomes easier to quickly follow-

up on new findings in the field. When new hypotheses are generated, 

data are immediately available to test them. Second, these genotyping 

chips generally include markers that are informative of ancestry, which 

allow the exclusion of ethnic outliers from your sample, reducing the 

possibility of false-positive findings due to population stratification. 

Third, large-scale collaborations have been formed to combine samples 

with similar genotyping and phenotyping data. One of the best known 

examples is the Psychiatric Genomics Consortium (see 

http://www.med.unc.edu/pgc). Even though statistical power may not 

be sufficient to perform genome-wide analyses within a single study, 

combining data across samples can increase power and may lead to the 

detection of novel genetic variants. The use of uniform genotyping chips 
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specifically dedicated to psychiatric research will facilitate the formation 

of collaborative enterprises which has shown to be an essential part of 

gene discovery. 

In conclusion, candidate gene association studies are particularly well 

suited to detect associations between genetic variants and refined 

phenotypes that cannot be assessed in large sample sizes. The main 

strength of candidate gene studies, in comparison to genome-wide 

association studies, is the increased statistical power due to the fact that 

significance testing is performed for fewer genetic variants. An 

important challenge when conducting candidate gene studies is selecting 

relevant candidate genes. In this article we have provided guidelines for 

selecting candidate genes using bioinformatics tools that search the 

currently available data and literature. Furthermore, we have illustrated 

how genetic power calculations can be performed and have conducted 

power analyses for a range of effect sizes and sample sizes. Caveats of 

candidate gene studies have been discussed, including the possibility of 

false-positive associations due to ethnic heterogeneity within the 

samples, and possible ways to circumvent these problems have been 

explained. Awareness and practical guidelines of the primary tools and 

techniques that are available in the field of genetics, will hopefully 

contribute to an increased understanding of genetics for social 

scientists. That would be a great step forward, since this would allow the 

genetics field to benefit from the expertise of social scientists in 

describing those phenotypic characteristics that are most strongly 

associated with genetic variation. 
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Chapter 4 
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Introduction 

Cannabis is the most widely produced and consumed illicit drug 

worldwide105. The number of users is likely to rise further as many 

states in the US, as well as other countries, are legalising or 

decriminalizing recreational and medicinal cannabis use. Despite the 

increasing use of cannabis for medicinal purposes106, 107, a large body of 

research has also demonstrated notable adverse effects. For instance, 

occasional use has been associated with violence and suicide 

attempts108. Cannabis use has also been associated with increased risk 

for psychiatric disorders; Davis et al.109 reported associations between 

lifetime cannabis use and psychosis as well as schizotypal personality 

disorder, with odds ratios of 1.27 and 2.02, respectively. In a recently 

published genetic risk prediction study, Power et al.110 showed that 

genes predisposing to schizophrenia predict use of cannabis. Occasional 

use can progress to frequent use, abuse and dependence, which is 

associated with physical, psychological and social consequences111, 112. 

Finally, cannabis use can precede the use of other harmful illicit drugs 

acting as a gateway drug113. 

The probability of cannabis use initiation varies among individuals. 

Previous studies have shown that individual differences in cannabis use 

can be partly explained by underlying genetic differences between 

individuals; a meta-analysis of twin studies reported significant 

heritability estimates of initiation of use of 48% for males and 40% for 

females114. Shared (family) environmental factors also play a role in 

initiation of cannabis use115, 116 and account for 25% and 39% of the risk 

for males and females respectively114. While there is substantial overlap 

in the genetic risks underlying initiation of cannabis use and those 
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underlying cannabis abuse/dependence, there are also genetic 

influences specific to vulnerability to cannabis abuse/dependence116-118. 

In the last decade, numerous studies have aimed to identify the specific 

genetic risk factors associated with cannabis use phenotypes. Genome-

wide linkage studies have revealed suggestive evidence for linkage 

peaks across many chromosomes119-124. However, nearly all linkage 

peaks failed to meet genome-wide significance with very little 

consistency across studies125, 126. Replication is therefore necessary to 

confirm whether these chromosomal regions harbour genes involved in 

cannabis use phenotypes. And while most studies focused on more 

severe forms of cannabis use (such as problematic use, withdrawal, and 

dependence), only one study has examined initiation of use121, which 

reported a non-significant linkage peak on chromosome 18 (LOD score 

= 1.97).  

Candidate gene association studies have also reported some putative 

findings. For example, genes of interest include CNR1127, 128, GABRA2129, 

130, FAAH131-133, and ABCB1134 (see Agrawal and Lynskey125 for a 

review), but again, replication has been inconsistent 135-137. Based on a 

sample of 7452 Caucasian individuals Verweij et al.137 tested gene-based 

association between lifetime frequency of cannabis use and all 10 

candidate genes identified by Agrawal and Lynskey125. None of the 

candidate genes reached nominal significance of P < 0.05. Overall, the 

results of candidate gene studies are inconclusive; some associations 

have been replicated a few times, but failed to replicate in other studies, 

and findings may be further distorted due to publication bias favouring 

positive results. As with linkage studies, nearly all candidate gene 

studies have focused on severe forms of cannabis use such as 

vulnerability to cannabis dependence, craving, and changes in 
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withdrawal following abstinence. None have focused on the initiation of 

cannabis use. 

To date, only two genome-wide association (GWA) studies of cannabis 

use phenotypes have been published. In the first, Agrawal et al.138 

performed a GWA study of cannabis dependence based on 708 

cannabis-dependent individuals and 2,346 controls. In the second, a 

meta-analysis of two studies examined cannabis use initiation with a 

combined sample size of 10,091 individuals (4106 cases) from 4,622 

independent families139. Neither study detected genome-wide significant 

associations, which was likely attributable to the small effect sizes 

typical of common variants underpinning highly polygenic traits46, 140, 141, 

thereby requiring larger sample sizes for detection.  

Fortunately, the success of larger GWA studies and international 

consortia examining a variety of complex traits is encouraging (see 

Sullivan et al.4). For nicotine use, multiple large meta-analyses studies 

have independently identified associations on chromosome 15q25 

spanning the α5, α3, and β4 nicotinic receptor subunit gene clusters 

(CHRNA5, CHRNA3, CHRNB4) when based on cigarettes smoked per 

day; an indicator of nicotine dependence liability142-144. Despite variation 

in the direction of the effects145 the cluster of nicotinic receptor genes on 

chromosome 15 has been associated with other substance use 

disorders146. One of the SNPs in the cluster (rs16969968) is particularly 

interesting; it is highly correlated with a biologically relevant missense 

polymorphism previously implicated in lung cancer147-149, but 

paradoxically offers protection against cocaine abuse150. 

These and other more recent GWA findings4 clearly illustrate the need 

for larger sample sizes. In response to this need, the International 
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Cannabis Consortium (ICC) was created to combine results of multiple 

GWA studies of cannabis use phenotypes in order to identify genetic 

variants underlying individual differences in cannabis use phenotypes. 

Currently, the combined sample size of the consortium with cannabis 

initiation data is 24,916 individuals (40% cases) from 11 cohorts from 

Europe, the US, and Australia. This sample size is considerably larger 

than the sample size of the previous GWA study investigating initiation 

of cannabis use, thereby providing substantially greater power to detect 

genetic variants of small effect size. The aim of this study is to meta-

analyse the GWA results from all contributing ICC samples in order to 

identify genetic variants associated with initiation of cannabis use. 

Additionally, results from the meta-analysis are followed up with gene-

based tests of association. 

Materials and methods 

Cohorts 

We performed a meta-analysis on GWA results from 11 discovery 

samples from Europe, the US and Australia, including a total of 24,916 

individuals of European ancestry. The size of the samples ranged from 

721 to 6778 individuals. Subjects were 16 to 85 years old (weighted 

average of 34 years). The percentage of females ranged from 30% to 

66% with a weighted average of 53%. Percentage of lifetime users (i.e., 

never/ever used cannabis) varied from 1% to 92% with a weighted 

average of 41%. We refer to Table 1 for sample characteristics of each 

of the samples. The procedures for data collection per sample are 

described in the Supplementary Information S1. Two additional, 

independent samples with a total of 3310 subjects and a weighted 

average of 27% lifetime users were used for replication (see Table 1).  



 

70 

Table 1. Discovery and replication sample characteristics. 

Sample Country N 
% 

Users 

%  

Female 

Mean age 

(range) 
N SNPs 

Discovery       

ALSPAC  UK 2,976 42 56 18 (17-19) 5,182,231 

BLTS Australia 721 60 57 26 (18-33) 4,558,509 

CADD US 853 79 30 25 (18-36) 4,972,726 

EGCUT1 Estonia 2,765 1.3 55 34 (18-66) 6,048,479 

EGCUT2 Estonia 970 4.8 51 31 (18-50) 5,171,164 

FinnTwin  Finland 1,029 27 52 23 (20-29) 4,364,135 

GSD EA US 1,964 92 40 38 (16-76) 5,856,902 

HUVH Spain 981 20 30 36 (17-87) 4,971,170 

NTR Netherlands 4,653 27 66 37 (18-60) 4,644,238 

QIMR Australia 6,778 51 54 45 (18-85) 5,901,727 

TRAILS Netherlands 1,226 51 47 19 (18-21) 5,336,901 

Replication       

TwinsUKR UK 2,137 12 93 58 (18-86) 10 

UtrechtR Netherlands 1,173 54 54 21 (18-37) 10 

Abbreviations: sample size (N), percentage of users that ever used cannabis (% users), 

percentage of females (% female), and number of SNPs used for the meta-analysis (N 

SNPs). 

Phenotype and covariates 

Subjects were asked whether they had ever used cannabis. Covariates 

included age, sex, and birth cohort (i.e., birth cohorts spanning 20 year-

periods were indicated by dummy variable, with the lowest birth cohort 

used as the reference group). Details about phenotype assessment and 

individual sample characteristics can be found in Supplemental 

Information S1 and Supplemental Table S1. 

Genotyping and imputation 

Genotyping was performed on different platforms (see Supplemental 

Table S1 for information on the genotyping platforms used for each 

sample). Genotype imputation was based on the 1000 genomes phase 1 
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European (EUR) reference panel67 and resulted in dosage data (see 

Supplemental Table S2 for the imputation program used by each group). 

Quality control checks  were performed by each participating group 

individually and involved removing SNPs with minor allele frequency 

(MAF) lower than 1%, low call rates (<95% or <99%), or SNPs that 

were out of Hardy Weinberg equilibrium (p-value <10-6). Furthermore, 

subjects with low overall call rates (<95%), excess autosomal 

homozygosity, duplicates, and individuals that were unintended first or 

second degree relatives were also excluded. Groups may have used 

different thresholds for exclusion criteria. In the meta-analysis the same 

filters were applied to each data set. 

Statistical analyses 

GWA analysis in each discovery cohort 

The GWA analyses were performed by each group according to a 

standardized protocol. Association between the binary phenotype and 

the genotypes was tested genome-wide with a logistic regression model. 

Age at the time of phenotypic assessment, sex, birth cohort and the first 
four principal components as obtained from the genotype data were 

included as covariates. For family-based samples, familial relatedness 

was taken into account by using a sandwich correction as implemented 

in PLINK151. 

Meta-analysis of GWA results 

Before performing the meta-analysis, we applied a set of filters to each 

GWA result set independently. First, to facilitate merging of result sets 

based on chromosome and position, we removed insertions and 

deletions. This ensured that all <chromosome, position> pairs were 

unique and referred to the same genetic variant (i.e., SNP). Second, we 
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removed genotyped (i.e., non-imputed) SNPs which were not in Hardy-

Weinberg equilibrium (p ≤ 0.0001) as well as SNPs with missing values 

on the required columns. Third, we removed SNPs with MAF < √(5/N), 

which corresponds to less than 5 estimated individuals in the least 

frequent genotype group, under the assumption of HWE. Due to very 

low prevalence of cannabis initiation in the EGCUT1 sample (1.3%), we 

excluded SNPs with MAF lower than 0.2 in this sample. Fourth, we 

excluded SNPs with an imputation quality score below 0.6 regardless of 

the quality score type used. Also, SNPs present in only one sample and 

SNPs with alleles or allele frequencies inconsistent with the 1000 

genomes phase I European reference panel (absolute MAF difference > 

0.15) were removed. 

We performed a fixed effects meta-analysis based on the cohort’s effect 

sizes and standard errors using METAL152. Our meta-analysis combined 

association summary statistics for 6,228,263 SNPs that passed all filters.  

Gene-based test 

Our next approach was to run a gene-based test of association to 

characterize and prioritize the meta-analytic SNP p-values. Gene-based 

tests of association were run using the knowledge-based mining system 

for genome-wide genetic studies (KGG) software153, 154. This approach 

used an extended Simes test that integrates functional information and 

association evidence to combine the SNP p-values within a gene to 

obtain an overall p-value for the association of each gene. Using the 

gene as the basic unit of analysis has two important features: the gene 

is unit of the human genome; and a significant reduction in multiple-

testing correction is obtained. 
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Replication Analyses 

Additionally, we performed a second meta-analysis using two 

independent GWA samples. These results were used to replicate the top 

10 SNPs of the original meta-analysis and the top 10 genes of the gene-

based test. 

Results 

Meta-analysis 

Figure 1 shows the Manhattan plot of the meta-analysis results. There 

were no genome-wide significant hits. However, the QQ plot in Figure 2 

shows strong enrichment of SNPs with p < 10-4 (lambda = 1.03) (see 

Supplemental Figures S1a-k and S2a-k for Manhattan and QQ plots per 

sample). The most statistically significant marker was rs2099149 

located on chromosome 12 (12:30479358) with p-value = 8.6 x 10-8. 

Table 2 shows the ten strongest independent associations with cannabis 

use. SNPs were considered independent if they were not in strong 

linkage disequilibrium (R2<0.8).  

We identified 24 independent regions on 14 chromosomes with SNP     

p-values <10-5. See supplemental Table S3 for a list of all SNPs with p-

value <10-5. Local plots of the most strongly associated regions, 

including neighboring genes, are provided in Supplemental Figures   

S3a-j.  
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Figure 1. Manhattan plot based on the meta-analytic discovery sample. 

 

 

 

 
Figure 2. QQ-plot based on the meta-analytic discovery sample. 
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GWAS Replication 

Because of the relatively small sample sizes of the replication samples, 

we performed a replication test for the top-10 SNPs. The results of the 

replication analyses are presented in Table 2. None of the top 10 SNPs 

were significantly associated with cannabis initiation in the replication 

analysis as well as in the combined meta-analysis. The effect was in the 

same direction in 5 of the 10 SNPs between the meta-analysis and the 

replication analysis. 

Gene-based tests 

Based on a total of 23,906 genes for genetic association with cannabis 

use, the genome-wide significance level for a Benjamini & Hochberg155 

FDR test to control for an error rate of 0.05 was 4.18x10-6. The 

Manhattan and QQ plots can be found in Supplemental Figures S4 and 

S5. The QQ plot shows enrichment of nominally significant findings 

(lambda = 1.10, s.e. < 0.001). Two genes, both located at chromosome 

5, reached genome-wide significance: IL17B and PCYOX1L, and 

subsequent analysis in Haploview 4.2 revealed that SNPs within IL17B 

and PCYOX1L form a single haplotype block. The LD plot can be found in 

Supplemental Figure S6. The top 10 genes most strongly associated 

with initiation of cannabis use are presented in Table 3. Results for the 

top 100 genes can be found in Supplementary Table S4.  None of the 10 

putative candidate genes for cannabis use phenotypes identified by 

Agrawal and Lynskey125, reached nominal significance, see Supplemental 

Table S5. We next performed a replication test on the top-10 genes. As 

shown in Table 3, none of the top 10 genes were significantly associated 

with cannabis initiation in the replication analysis. 
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Table 3. Top 10 genes from the gene-based tests of association based on the 
meta-analytic discovery and replication samples. 

Gene Chr Start Position BP length 
p-values 

Discovery 
 

p-values 

Replication 

IL17B 5 148753829 5009 3.52 x 10-6*  0.958 

PCYOX1L 5 148737569 11652 4.12 x 10-6*  0.804 

CHID1 11 867858 43016 1.51 x 10-5  0.278 

SCOC-AS1 4 141204879 89667 4.17 x 10-5  0.987 

AP2A2 11 925808 86437 4.62 x 10-5  0.971 

SCOC 4 141294663 9047 4.69 x10-5  0.987 

AFAP1L1 5 148651400 69967 6.32 x 10-5  0.902 

SPATA24 5 138732455 7321 1.54 x 10-4  0.989 

CSF2RB 22 37309674 26805 1.55 x 10-4  0.465 

DNAJC30 7 73095247 2534 1.81 x 10-4  0.078 

*The significance level for Benjamini & Hochberg155 FDR test to control error rate 0.05 on 

the on whole genome for the discovery sample is 4.18 x 10-6 for 23,906 genes.  

Abbreviations: Base pair length (BP length) and number of SNPs used for the meta-

analysis (N SNPs). 

Discussion 

As part of the largest GWA study for cannabis use to date, we meta-

analysed GWA results from 24,916 individuals of 11 cohorts with the 

aim of identifying genetic variants associated with initiation of cannabis 

use. Although no genome-wide significant associations were detected for 

individual SNPs, the most strongly associated SNP was rs2099149 (p= 

8.6×10-8) located on chromosome 12 (12:30479358) in an intergenic 

region 0.8Mb to the right of TMTC1 and 0.3Mb to the left of IPO8 genes. 

Moreover, our subsequent gene-based tests of association identified two 

genes in LD on chromosome 5 that are significantly associated with 

initiation of cannabis use: Interleukin 17B (IL17B) and PCYOX1L. Finally, 

our results show clear enrichment of nominally significant associations. 
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Our results point towards several genes which are potentially involved in 

cannabis use. rs2099149 is flanked by TMTC1 and IPO8. TMTC1  has 

been associated with body weight changes156. Endocannabinoids are 

known to regulate appetite, induce craving and intensify hedonic 

properties of, and motivation for food157, 158, and although not replicated, 

TMTC1 should be considered a putative target for therapeutic potential 

for appetite regulation159. The IPO8 gene is a house-keeping gene 

involved in the import of proteins into the nucleus160. Our meta-analysis 

of discovery samples revealed two genes with genome-wide significant 

enrichment of associations: IL17B and PCYOX1L. The protein encoded 

by IL17B is a T cell-derived cytokine, which is primarily localized to 

neuronal cell bodies. Not well understood, IL17B may play a role in 

immunity and inflammation161 and chronic respiratory conditions162. 

Prenylcysteine oxidase 1 like (PCYOX1L) is among the known candidates 

for coeliac disease163. However, the potential role of these genes 

requires further investigation, because rs2099149, IL17B and PCYOX1L 

were not significantly associated with cannabis use in the replication 

samples. This lack of replication may either be due to the absence of 

true genetic associations (false-positive findings), but may also be 

caused by a lack of power to detect association in the relatively small 

replication sample. Future studies should reveal whether these genes 

play a role in cannabis use initiation.  

The lack of genome-wide significant associations is consistent with those 

from two previous GWA studies into cannabis use139 and cannabis 

dependence138. However, despite the absence of genome-wide 

significant association of individual SNPs in this study, the QQ-plot of 

our meta-analysis clearly indicated an enrichment of nominally 

significant associations. This implies that common genetic variants do 

contribute to the heritability of cannabis use initiation, which has been 
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estimated at 40-50% based on twin studies114. The difficulty of 

identifying genetic variants for cannabis use may be attributable to 

several causes46. First, complex traits may be influenced by many 

variants of very small effect, smaller than could be detected with the 

current sample size. Power calculations (Supplementary Table S8) 

showed that this study was well powered to detect odds ratio’s ≥1.2 but 

the power to detect smaller effect sizes was small (e.g., 11% power to 

detect effects with an odds ratio of 1.1). Therefore, our data suggest 

that the effect sizes we aim to find in studies of cannabis initiation are 

smaller than 1.2. This is an important finding, as it shows the need for 

larger-scaled studies, which are expected to reveal genome-wide 

significant findings. Therefore, similarly to the recent studies on the 

genetics of schizophrenia5, we expect that larger GWA studies will 

increase the biological insight into cannabis use.  

Although our results indicate en enrichment of association with common 

genetic variants, Verweij et al.139 estimated that 6% (95% CI 

[0%,26%]) of the variance in initiation of cannabis use could be 

explained by the aggregate effect of SNPs common in the population 

(MAF > 5%), whereas Minica et al. (manuscript in preparation) 

estimated that common and low frequency SNPs (MAF >1%) account for 

about 25% of the variance in initiation of cannabis use (SE = 0.088, 

LRT(1) = 8.60, P = 0.0016). These results suggest that the role of 

common genetic variants in the heritability of initiation of cannabis use 

may be relatively low. Non-additive genetic effects, interactions between 

genetic variants and environmental risk factors, epistasis and/or rare 

mutations may play a role. Investigating the role of these factors may 

be required to provide more insight into the aetiology of cannabis use. 
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Our findings must be interpreted in the context of at least three 

potential limitations. First, our study was underpowered to detect small 

effect sizes. The sample size should be increased with a factor ~2 to 

detect effect sizes with an odds ratio of 1.1. Second, the phenotype we 

have analysed has some disadvantages that may have reduced the 

power to identify genetic variants. Initiation of use is a dichotomous 

measure that combines individuals who only experimented with 

cannabis once with regular users and abusers. Also, lifetime use is a less 

heritable trait than more extreme forms of cannabis use involvement, 

such as regular use and abuse. The success of GWA studies for nicotine 

use164, 165 suggests that sampling based on the phenotypic extremes of 

the liability distribution, and excluding non- and infrequent users is likely 

to be more fruitful. However, initiation of cannabis use is still 

substantially heritable and significant overlap with the genetic risk 

underlying cannabis abuse/dependence has been reported116. The 

primary reason for focusing on cannabis use initiation, is that we were 

able to obtain a large sample size for the meta-analysis. Substantially 

more studies have data available on lifetime cannabis use compared to 

other cannabis phenotypes such as frequency of use and 

abuse/dependence. Third, there is substantial phenotypic heterogeneity 

across the different samples. Observed frequencies of cannabis initiation 

varied between 1% (EGCUT1) and 92% (GSD EA), partly due to 

differences in sample characteristics, recruitment strategies, and policy 

differences across countries. This heterogeneity may reduce the power 

to identify genetic variants.  

Based on our observations, we can make some recommendations for 

future studies. Obviously, we should aim at increasing the statistical 

power by increasing the sample size and by focusing on continuous 

phenotypes and phenotypes indicative of more severe forms of cannabis 
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use. The next goal of the ICC consortium is to perform a meta-analysis 

on GWA studies of age at first cannabis use. Our rationale is based on 

the observation that early initiation of cannabis use is also associated 

with rapid progression to cannabis abuse and dependence, poly-

substance use, and other substance use disorders166-171. Alternative 

methods than GWA may also be used to reveal the biological pathways 

of cannabis use. Whole-exome or whole-genome sequencing may be 

used to study the role of rare genetic variants. Environmental risk 

factors may be incorporated to investigate the interactions between 

genes and the environment. Hopefully, the combination of these 

technologies and novel statistical approaches with larger samples will 

further contribute to our understanding of the genetic architecture of 

cannabis use. 

Conclusion 

We have performed the largest meta-analysis, to date, of GWA studies 

investigating cannabis use phenotypes. With a sample of over 24,000 

individuals, we report two significantly associated genes: IL17B and 

PCYOX1L. However, these results were not confirmed in a replication 

sample including ~3000 subjects. Nevertheless, our results did show 

clear enrichment of nominally significant associations suggesting that 

the genetic architecture underlying initiation of cannabis use consists of 

very many common variants with small individual effect sizes (OR<1.2). 

Future studies using larger sample sizes and more extreme phenotypes 

should use GWA and additional methodologies (including sequencing) to 

provide more insight into the complex genetic aetiology of cannabis use. 
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Chapter 5 

Genetic liability for schizophrenia 

predicts risk of immune disorders 
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Abstract 

Background: Schizophrenia patients and their parents have an 

increased risk of immune disorders compared to population controls and 

their parents. This may be explained by genetic overlap in the 

pathogenesis of both types of disorders. The purpose of this study was 

to investigate the genetic overlap between schizophrenia and three 

immune disorders and to compare with the overlap between 

schizophrenia and two disorders not primarily characterized by immune 

dysregulation: bipolar disorder and type 2 diabetes. 

Methods: We performed a polygenic risk score analysis using results 

from the schizophrenia Psychiatric GWAS consortium (PGC) (8,922 cases 

and 9,528 controls) and five Wellcome Trust Case Control Consortium 

(WTCCC) case samples as target cases: bipolar disorder (n=1,998), type 

1 diabetes (n=2,000), Crohn’s diseases (n=2,005), rheumatoid arthritis 

(n=1,999), and type 2 diabetes (n=1,999). The WTCCC British Birth 

Cohort and National Blood Service samples (n=3,004) were used as 

target controls. Additionally, we tested whether schizophrenia polygenic 

risk scores significantly differed between patients with immune disorder, 

bipolar disorder, and type 2 diabetes respectively. 

Results: Polygenic risk scores for schizophrenia significantly predicted 

disease status in all three immune disorder samples (Nagelkerke-R2 

1.1%-1.3%; p<0.05). The polygenic risk of schizophrenia in patients 

with immune disorders was significantly lower than in patients with 

bipolar disorder (Nagelkerke-R2 6.0%; p<0.05), but higher than in type 

2 diabetes patients (Nagelkerke-R2 0.5%; p<0.05). 

Conclusions: Our results suggest that genetic factors are shared 

between schizophrenia and immune disorders. This contributes to an 

accumulating body of evidence that immune processes may play a role 

in the etiology of schizophrenia. 
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1 Introduction 

Schizophrenia is to a large extent influenced by genetic factors24. The 

genetic architecture is complex: between 23% and 50% of the variance 

is explained by thousands of independent common genetic variants 32, 54, 

suggesting a polygenic model in which a large number of genetic 

variants contribute to disease risk6, 54. Epidemiological studies have 

shown increased incidence of immune disorders in patients with 

schizophrenia and their relatives. A large epidemiological study 

performed in Denmark, including 7,704 patients with schizophrenia and 

192,590 matched controls without a psychiatric record, showed that 

schizophrenia patients have a 45% higher lifetime incidence of one or 

more immune disorders which were present prior to the onset of 

schizophrenia compared to matched controls172. This increased risk is 

not merely a consequence of the psychiatric disorder since the diagnosis 

of immune disorder was made before the onset of schizophrenia. 

Furthermore, the incidence rate ratio (IRR) was also higher in parents of 

schizophrenia patients than among parents of comparison subjects. The 

risk for 12 out of 29 reported immune disorders in parents of 

schizophrenia patients was significantly increased, whereas no 

significant decrease in risk was reported for any of the disorders172. 

The increased incidence of immune disorders in schizophrenia patients 

and their parents is generally consistent with other epidemiological 

findings86, 173, 174. A notable exception is the risk of rheumatoid arthritis, 

which has been found to be increased in parents of schizophrenia 

patients compared to parents of controls172, 175, whereas other 

epidemiological studies comparing patients with controls have reported 

schizophrenia to be a protective factor for rheumatoid arthritis173, 176. 

This discrepancy suggests that although environmental and disease-
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related factors may protect schizophrenia patients from rheumatoid 

arthritis, genetic or other family-related factors may increase the risk of 

rheumatoid arthritis. 

One of the hypotheses for the increased incidence of immune disorders 

in schizophrenia patients and their relatives is that common molecular 

pathways are involved in the pathogenesis of both types of disorders. 

Genetic alterations in these pathways may therefore contribute to a 

higher incidence of both schizophrenia and immune diseases. Obvious 

candidates for such shared genetic risk factors include the variants in 

the human leukocyte antigen (HLA) region which contribute to the risk 

of schizophrenia6, 28. In addition, a recent study showed that a relatively 

large segment at chromosome 5 is enriched for single nucleotide 

polymorphisms (SNPs) which are significantly associated with 

schizophrenia7. This region contains genes previously found to be 

related with schizophrenia (e.g., ACSL6, NEUROG1) and many immune-

related genes, such as interleukin (IL)-4, IL-5, IL-13, and transforming 

growth factor (TGF) β-1. Interestingly, linkage studies had already 

implicated chromosome 5q31 in both schizophrenia and Crohn’s 

disease177, 178. 

Thus far, the genetic overlap between schizophrenia and auto-immune 

disorders has been investigated by targeted approaches which focus on 

the role of specific candidate genes or regions which may contribute to 

the risk of both types of disorders. However, like schizophrenia, immune 

disorders have a complex genetic architecture179, 180. Therefore, a more 

systematic approach would be to study the genetic overlap between 

schizophrenia and immune disorders based on genome-wide association 

data using polygenic risk score analysis6. Polygenic risk scores are a 
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measure of disease liability and can be used to investigate the genetic 

overlap between disorders at a genome-wide level. 

The aim of this study is to investigate the genome-wide genetic overlap 

between schizophrenia and three disorders primarily characterized by 

immune dysregulation: type 1 diabetes, rheumatoid arthritis, and 

Crohn’s disease. We compare the genetic overlap between schizophrenia 

and immune disorder patients with the overlap between schizophrenia 

and bipolar and type 2 diabetes patients, a psychiatric disease and a 

somatic disease which is not primarily characterized by immune 

dysfunction. 

2 Methods 

Data 

We used results from the schizophrenia Psychiatric GWAS Consortium 

(PGC) data, a large collection of 17 case-control GWAS samples of 

European descent (9,394 cases and 12,462 controls in total)35, to 

compute polygenic risk scores in five case-control samples from the 

Wellcome Trust Case Control Consortium (WTCCC) (Burton et al., 2007). 

The cases samples included type 1 diabetes (T1D) (n=2,000), 

rheumatoid arthritis (RA) (n=1,999), Crohn’s disease (CD) (n=2,005), 

bipolar disorder (BD) (n=1,998), and type 2 diabetes (BD) (n=1,999)181. 

These case samples were chosen to compare the three immune 

disorders (i.e., rheumatoid arthritis, Crohn’s disease, and type 1 

diabetes) with a psychiatric disease (bipolar disorder) and a somatic 

disorder which is not primarily characterized by immune dysfunction 

(type 2 diabetes). For all disorders the same WTCCC control subjects 

from the National Blood Service (NBS) (n=1,500) and 1958 Birth Cohort 

(1958BC) (n=1,504) were used181. 
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Quality Control 

We first removed subjects and SNPs that the WTCCC recommended to 

exclude181. See Figure S1 in the Supplemental Information for a detailed 

flow chart of the subsequent pre-imputation Filter 1 to 5. Before 

merging the WTCCC case and control samples, we applied the following 

filtering steps to the seven WTCCC subsamples using PLINK151: minor 

allele frequency (<0.01), genotype missingness (>0.05), individual 

missingness (>0.02), genotype missingness once again (>0.02) (Filter 

1), Hardy-Weinberg equilibrium in controls (p<0.001) (Filter 2), and 

minor allele frequency difference with a HapMap reference panel (>0.1) 

(Filter 3). The reference panel consisted of HapMap III founders  from 

the CEPH Utah residents with Northern and Western European ancestry 

sample (CEU)  and Tuscans in Italy (TSI) sample (n = 200)57. 

After combining the NBS and 1958BC control samples, we removed 

SNPs significantly (p<10-8) associated with control sample membership 

(Filter 4). Subsequently, we combined case and control samples for each 

disorder, applied Filter 1 again to the resulting case-control samples, 

and removed any SNPs which were extremely significantly (p<10-50) 

associated with disease status (Filter 5). 

Principal component analysis 

To correct for population stratification, we then calculated ten principal 

components for each WTCCC case-control sample. Each case-control 

sample was pruned to ensure relative independence between SNPs 

(PLINK command --indep-pairwise 50 5 0.2) for principal component 

analysis. The remaining SNPs were used to calculate ten principal 

components with EIGENSTRAT182. We similarly computed ten principal 

components for all cases combined to allow for correction of population 

stratification in a direct comparison of diseases (see section 2.7). 
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Imputation 

After principal component analysis, all WTCCC subsamples were imputed 

with Beagle183 using the HapMap Phase III CEU+TSI founders (version 

2, build 36) as a reference panel57. SNPs with quality threshold of r2<0.6 

were excluded. The 113,664 independent SNPs remaining after the 

schizophrenia PGC clumping analysis were considered for upstream 

analysis35. Further post-imputation QC consisted of removing SNPs with 

MAF<0.01. Additionally, subjects identified as outliers (s.d.>6) during 

principal component analysis were removed from the case-control 

samples. One of the members of a pair of relatives (pi-hat >0.2 in 

PLINK) was removed as well. Table S1 in the supplemental information 

shows the number of subjects and SNPs retained per case-control 

sample after these preprocessing steps. 

Meta-analysis of PGC schizophrenia effect sizes 

We meta-analyzed the effect sizes of the PGC schizophrenia samples35 

using a fixed effects model in METAL152, excluding the Cardiff UK sample 

to prevent overlap with the WTCCC controls (resulting in 8,922 cases 

and 9,528 controls). 

Polygenic risk score analysis 

Based on the meta-analyzed log(odds ratios) we computed additive 

schizophrenia polygenic risk scores for individuals in all five 

preprocessed WTCCC case-control samples using PLINK151. Based on 

different p-value thresholds for association with schizophrenia (p<0.1 to 

p<1 with steps of 0.1), we created different subsets of SNPs to compute 

the polygenic risk scores. These threshold-dependent polygenic risk 

scores were then standardized and used as a predictor in logistic 

regression to predict disease status in each respective case-control 

sample. Standardization limits the range of the coefficients, but does not 
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affect the Nagelkerke-R2 and p-values. To account for differences in 

population structure, we first included only 10 PCA components as 

covariates in the logistic regression and then added the polygenic risk 

score in a second model. We used the difference in Nagelkerke’s 

pseudo-R2 between the two nested models to represent the effect of 

polygenic risk score above and beyond the effect of population 

stratification. The Nagelkerke R2 is analogous, but not equal to the R2 in 

linear regression. As chromosome six harbors the HLA region, we 

performed the polygenic risk score analysis with and without SNPs 

located on chromosome six to check whether genetic overlap was 

limited to SNPs on chromosome six or was distributed across  the 

genome. 

Similar to Purcell et al.6, for each analysis we reported the logistic 

regression coefficient of the risk prediction score with standard error and 

the difference in Nagelkerke-R2 between the two nested models. To 

assess significance, the Nagelkerke’s pseudo-R2 was compared with a 

one-sided 95% confidence interval of an empirical null distribution. This 

null distribution was created by repeating the same analysis a 1000 

times while randomly permuting disease status in the respective WTCCC 

case-control sample.  

Comparison of disorders 

We assessed whether bipolar disorder, immune disorders, and type 2 

diabetes differ significantly in terms of genetic overlap with 

schizophrenia. For this analysis, we combined immune cases in one 

group and performed an overall comparison of the polygenic risk score 

in the three resulting case groups with an ANCOVA, correcting for 

population stratification (ten PCA components which were calculated in 

the combined case samples). To explore which groups were significantly 
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different, we compared the risk score of immune cases with that of 

bipolar disorder cases and type 2 diabetes cases respectively, similarly 

correcting for population stratification. 

3 Results 

All diseases were positively associated with schizophrenia. In other 

words, a higher genetic risk for schizophrenia was associated with a 

higher genetic risk for each of the five disorders (see positive 

coefficients in Table 1). Figure 1 shows the predictive power of the 

schizophrenia polygenic risk score, excluding chromosome six, which 

harbors the immune related HLA region. Different thresholds for p-

values in the schizophrenia data were used; e.g., pthreshold = 0.1 indicates 

that only those SNPs with a p-value below 0.1 in the schizophrenia data 

were included in the polygenic score analysis. Including more SNPs 

generally resulted in improved prediction. This implies that many small 

effect SNPs associated with schizophrenia are involved in all five 

disorders. 

The extent to which the genetic liability for schizophrenia predicted 

disease status in another disorder varied. As expected, bipolar disorder 

was best predicted by schizophrenia polygenic risk score (maximum 

Nagelkerke-R2 6.0%; pemp<0.01; empirical p value based on 1000 

permutations). The risk of three immune disorders type 1 diabetes, 

Crohn’s disease, and rheumatoid arthritis was also significantly 

associated with the schizophrenia risk score (maximum Nagelkerke-R2 

ranged between 1.1%-1.3%; pemp<0.01). It is worth noting that 

excluding or including chromosome six had a relatively minor impact on 

the results (maximum difference in Nagelkerke-R2 = 0.2%). This 

indicates that the HLA region is not the major driving force behind the 
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association between schizophrenia risk score and disease status in 

immune disorders. Finally, type 2 diabetes was least predicted by the 

genetic liability for schizophrenia (maximum Nagelkerke-R2 0.5%; 

pemp<0.01). 

To assess whether the differences between bipolar disorder, immune 

disorders, and type 2 diabetes were significant, we combined type 1 

diabetes, Crohn’s disease, and rheumatoid arthritis in one group of 

immune cases. The mean schizophrenia polygenic risk scores in the 

three case groups (immune vs. bipolar disorder vs. type 2 diabetes) 

were significantly different (F(2,  7957) = 83.0; p < 0.05). Polygenic 

risk scores differed significantly between bipolar cases and immune 

cases (p < 0.05; based on SNPs with pthreshold < 1) as well as between 

immune cases and type 2 diabetes cases (p < 0.05; based on SNPs with 

pthreshold < 1) (see Table S2 in the supplemental information for pairwise 

comparisons for all five disorders). 

Table 1. Results of polygenic risk score analysis based on all SNPs (pthreshold < 1).* 

 Excluding chromosome six Including chromosome six 

Trait β s.e. P pseudo-R2 β s.e. p pseudo-R2 

BD 0.51 0.035 3.7×10-47 6.02% 0.52 0.035 1.1×10-48 6.24% 

T1D 0.21 0.032 2.8×10-11 1.25% 0.21 0.032 1.5×10-11 1.28% 

CD 0.20 0.033 1.4×10-9 1.11% 0.20 0.033 8.0×10-10 1.14% 

RA 0.21 0.032 1.8×10-11 1.31% 0.22 0.032 5.9×10-12 1.37% 

T2D 0.13 0.032 5.7×10-5 0.45% 0.13 0.032 2.7×10-5 0.49% 

*Logistic regression coefficient (β), standard error of β (s.e.), and p-value of β (p) of 

polygenic risk score with corresponding Nagelkerke pseudo-R2 for five disorders: bipolar 

disorder (BD), type 1 diabetes (T1D), Crohn’s disease (CD), rheumatoid arthritis (RA), and 

type 2 diabetes (T2D). 
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Figure 1. Predictive power (Nagelkerke R2) of schizophrenia polygenic risk score 
for five diseases: bipolar disorder (BD), type-1 diabetes (T1D), Crohn’s disease 
(CD), rheumatoid arthritis (RA), and type-2 diabetes (T2D). Different bars 
represent p-value thresholds for the SNPs used in the analysis. SNPs located at 
chromosome six are excluded. Horizontal black lines identify an empirical 5% 
significance threshold based on 1000 random permutations of case-control labels 
in the validation sample. P-value of differences between disorders are based on a 
pairwise comparison of polygenic risk scores in respective cases corrected for 10 
PCA components and pthreshold < 1. 

4 Discussion 

To increase our understanding of the association between schizophrenia 

and immune disorders in epidemiological studies, we performed a 

polygenic risk score analysis in which a genetic risk score based on 

schizophrenia data predicted the risk of three immune disorders: type 1 

diabetes, Crohn’s disease, and rheumatoid arthritis. We report that the 

genetic liability for schizophrenia significantly predicts disease status of 

all three immune disorders. This implies that immune disorder patients 

show an increased genetic risk of schizophrenia compared to population 

controls. 

The genetic overlap of schizophrenia with immune disorders is 1% 

(Nagelkerke-R2), which is lower than the 6% overlap of schizophrenia 
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with bipolar disorder. The relatively large genetic overlap between 

schizophrenia and bipolar disorder is consistent with earlier studies 

based on a variety of methods that have reported a genetic link between 

schizophrenia and bipolar disorder2, 6, 42, 59. A similar analysis in 2009 on 

a smaller subset of the same data only found a genetic overlap between 

schizophrenia and bipolar disorder6. In that study no significant genetic 

overlap was found between schizophrenia and respectively Crohn’s 

disease, rheumatoid arthritis, type 1, and type 2 diabetes. The main 

difference between the present study and the original study is the 

schizophrenia sample size used to estimate SNP effect sizes (8,922 

cases and 9,528 controls vs 3,322 cases and 3,587 controls). In 

polygenic risk score analysis larger discovery sample sizes improve the 

SNP effect size estimates, increasing power to detect genetic overlap. 

For example, larger discovery sample sizes increased the explained 

variance in schizophrenia test samples from 3% to 6% 6, 32. Hence, the 

significant associations in the present study can be explained by the 

larger sample size of the schizophrenia PGC data. This illustrates the 

value of replicating a previous polygenic risk score analysis on a larger 

dataset. 

Interestingly, the overlap between schizophrenia and immune disorders 

was larger than the overlap of 0.5% between schizophrenia and type 2 

diabetes, which is not primarily characterized by immune dysregulation. 

This also points towards the involvement of genetic factors related to 

immune processes in schizophrenia, although we cannot rule out the 

reverse; that brain processes causing schizophrenia are involved in 

immune disorders. The small, but significant, genetic overlap between 

schizophrenia and type 2 diabetes may seem surprising at first. 

However, there is recent evidence that schizophrenia and type 2 

diabetes are indeed genetically related. For example, relatives from 
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patients with a non-affective psychotic disorder have an increased risk 

for diabetes184. In that study it was unknown whether relatives were 

diagnosed with type 1 vs. type 2 diabetes, but provided the larger 

prevalence of type 2 diabetes in adults, the majority of the diabetes 

cases can be assumed to have type 2 diabetes. Also, common immune-

related pathways between schizophrenia and type 2 diabetes have been 

reported in a pathway analysis185. Finally, immuno-therapy can 

normalize insulin resistance in type 2 diabetes patients, suggesting an 

important role of the immune system in type 2 diabetes as well186. 

Summarizing, our results support the hypothesized genetic overlap 

between schizophrenia and immune processes, but future studies should 

explore the mechanisms which explain the small genetic overlap 

between schizophrenia and type 2 diabetes. 

Our analysis excluded chromosome six with the HLA region33, showing 

that this region only partly contributes to the genetic overlap between 

schizophrenia and immune disorders (a decrease in Nagelkerke R2 < 

0.22% after removal of chromosome six). It is not surprising that the 

genetic overlap is not restricted to the HLA region, since both 

schizophrenia and immune disorders have a complex genetic 

architecture54, 55, 187. In genome-wide association studies of immune 

disorders, significantly associated loci are not only found in the HLA 

region, but are located on many different chromosomes188-190. Our study 

suggests that it is the genome-wide accumulation of shared loci with 

small effects which drives the genetic overlap between schizophrenia 

and immune disorders. 

While our results suggest that a genetic liability for schizophrenia 

increases the risk of rheumatoid arthritis, schizophrenia has been 

repeatedly reported as a potent protective factor for rheumatoid arthritis 
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(e.g. Chen et al. 176; see Leucht et al.173 for a recent overview). This is 

not necessarily inconsistent, since medication or other life style changes 

in schizophrenia patients may decrease the risk of rheumatoid 

arthritis191, 192, while genetic and shared environmental factors could still 

increase the risk of arthritis. This is illustrated by Eaton and colleagues 

who showed that incidence of rheumatoid arthritis in parents of 

schizophrenia patients is larger than in parents of matched population 

controls172. 

In conclusion, our results contribute to an accumulating and converging 

body of evidence that immunological factors play a role in the etiology of 

schizophrenia172, 174, 176, 193-196. Despite the increased interest in the role 

of immune dysregulation in schizophrenia, many questions remain. For 

example, our results do not rule out the possibility that the genetic 

overlap between schizophrenia and immune disorders mostly involves 

brain processes instead of immune processes. To clarify the role of 

immune dysregulation in schizophrenia, it is necessary to identify which 

biological pathways are implicated in both schizophrenia and immune 

disorders. A less ambitious but nonetheless important goal is to 

determine whether immunological components can also be identified in 

other neuropsychiatric disorders. These unanswered questions combined 

with the reported findings of the last few years make the role of immune 

dysregulation in neuropsychiatric disorders a promising and exciting 

area of research for the foreseeable future. 
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Chapter 6 

Underestimated effect sizes in GWAS: 

fundamental limitations of single SNP 

analysis for dichotomous phenotypes 
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Abstract  

Complex diseases are often highly heritable. However, for many 

complex traits only a small proportion of the heritability can be 

explained by observed genetic variants in traditional genome-wide 

association (GWA) studies. Moreover, for some of those traits few 

significant SNPs have been identified. Single SNP association methods 

test for association at a single SNP, ignoring the effect of other SNPs. 

We show using a simple multi-locus odds model of complex disease that 

moderate to large effect sizes of causal variants may be estimated as 

relatively small effect sizes in single SNP association testing. This 

underestimation effect is most severe for diseases influenced by 

numerous risk variants. We relate the underestimation effect to the 

concept of non-collapsibility found in the statistics literature. As 

described, continuous phenotypes generated with linear genetic models 

are not affected by this underestimation effect. Since many GWA studies 

apply single SNP analysis to dichotomous phenotypes, previously 

reported results potentially underestimate true effect sizes, thereby 

impeding identification of true effect SNPs. Therefore, when a multi-

locus model of disease risk is assumed, a multi SNP analysis may be 

more appropriate. 
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Introduction 

Since the first GWA study in 2005 197, hundreds of GWA studies have 

been published, reporting more than 2000 associations198. However, 

despite large heritability estimates, relatively few associations have 

been reported for most complex traits. Moreover, associations found in 

GWA studies often explain only a small proportion of the phenotypic 

variation46. For example, although 71 independent loci have been 

identified as being associated with Crohn's Disease, they still account for 

only 23% of the estimated heritability188. GWA studies of psychiatric 

diseases show an even less favorable picture. For instance, 

schizophrenia has an estimated heritability of 80% 24, 199, but observed 

genetic variants currently account for less than 1% of the variance43. 

One explanation of the missing heritability is that complex diseases are 

caused by a large number of causal variants with small effect sizes. 

Odds ratios (OR) reported in GWA studies are typically small (i.e., a 

median OR of 1.33 31). The many associations that are tested require a 

very low significance threshold to prevent an inflated genome-wide type 

I error. This reduces the probability of identifying SNPs with small effect 

size, unless sample sizes are large enough to achieve sufficient power to 

identify such SNPs. Using large combined datasets within scientific 

consortia has significantly increased power in GWA studies. Despite this 

increase in power, still only a small number of associated variants have 

been identified46. A second explanation of the missing heritability is that 

risk SNPs are correlated with unobserved causal genetic variants, since 

they are unlikely to be causal themselves200. The lower the correlation 

between an observed risk SNP and the unobserved causal variant, the 

smaller the estimated effect size of the risk SNP, resulting in less 

explained variance and hence decreased power. This decrease in power 
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is most dramatic for rare variants (i.e., SNPs with minor allele 

frequencies less than 5% or even 1%) and these variants are less likely 

to be tagged by the genotyped SNPs. 

The present study addresses a fundamental limitation of traditional GWA 

analysis of dichotomous phenotypes which provides an additional 

explanation for the difficulty in identifying effect SNPs and the missing 

heritability. By definition complex diseases are caused by numerous risk 

variants. However, as single SNP analysis only considers a single SNP at 

a time, other SNPs associated with disease can be considered omitted 

covariates. Gail et al.201 proved in the context of generalized linear 

models that omitting covariates can result in asymptotically 

underestimated effect sizes, even in the absence of confounders. 

Confounders are (possibly omitted) covariates that are associated with 

other covariates or variables of interest. Gail et al. showed that only the 

linear-link and log-link functions produce asymptotically unbiased effect 

sizes in generalized linear regression, although the log-link function can 

produce asymptotically biased intercepts201. In the context of logistic 

regression, this underestimation effect reduces the efficiency of effect 

size statistics202. Neuhauss and Jewell203 provided formulas to assess 

this bias for several common link functions, including the logit and probit 

link functions, which are most suitable for analyzing dichotomous 

phenotypes. In linear regression omitting covariates has no effect on the 

estimated effect size202. 

The underestimation effect of non-linear link functions can be best 

understood in terms of the statistical concept of collapsibility. 

Simpson204 wrote a seminal paper on the surprising non-equivalence of 

conditional and marginal odds ratios, which has later been referred to as 

Simpsons's paradox205, 206. Given three dichotomous variables X, Y, and 
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Z, he showed that even if the odds ratios between X and Y conditional 

on the value of Z are equal | 0 | 1 |( )XY Z XY XZ Y ZOR OO RR , this does not 

imply that the marginal odds ratios equal the conditional odds ratio 

|( )XY XY ZOROR . In other words, the odds ratio is a non-collapsible 

effect measure, as the marginal effect measure ( )XYOR  cannot generally 

be expressed as a weighted average of the conditional effect measures 

| 0( XY ZOR  and | 1)XY ZOR . In the context of GWAS, Y is disease status, X 

is the genotype of an allele of interest, and Z is the number of risk 

variants in the genetic background. In this context Z is unlikely to be 

dichotomous. An effect size measure would be called collapsible if the 

marginal effect size of SNP X, averaged over all possible genetic 

backgrounds Z, can be expressed as a weighted average of all 

conditional effect sizes of SNP X (i.e., conditional on specific genetic 

background Z)205, 206. 

Two conditions have been identified that do result in collapsible odds 

ratios207. The first condition is that disease status Y and background Z 

are independent given SNP X. This implies that ignoring SNPs which 

have no effect on disease will not result in underestimation. The second 

condition is that SNP X and genetic background Z are independent given 

disease status Y. This situation cannot arise if we (safely) assume that 

SNPs or the causal variants with which they are in linkage disequilibrium 

cause disease status and not vice versa (see Hernán et al.206 for a 

discussion on the importance of causal assumptions when dealing with 

Simpson's paradox). In other words, conditional and marginal odds 

ratios are only equivalent if the SNP of interest or the genetic 

background is not associated with disease status. 
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Despite the use of the word ‘bias’ by earlier authors201-203, Greenland et 

al.205 note that non-collapsibility is technically not a bias. It reflects the 

mathematical fact that for some effect measures marginal and 

conditional effect sizes are non-equivalent. When choosing a non-

collapsible effect size measure, one merely needs to decide whether the 

marginal, the conditional effect size or both are of interest206. We 

believe that in GWA studies the odds ratio conditional on a fixed genetic 

background reflects the relative importance of a single SNP better than 

the marginal odds ratio. A single SNP analysis would estimate the 

marginal odds ratio, whereas a multi SNP analysis would estimate the 

odds ratio conditional on a fixed genetic background. Risk difference and 

risk ratio are examples of collapsible effect measures205. However, as 

traditional GWA analyses are often based on odds ratios, we will focus 

here on the logistic or odds disease model. 

Complex diseases in GWA studies can be characterized by numerous risk 

SNPs with small effect sizes. Although the average effect size is 

expected to be small, the variance in the genetic background increases 

with the number of true risk SNPs. In the present simulation study we 

investigate the potential implications of non-collapsibility for traditional 

GWA studies. We first study the relation between the marginal and the 

conditional odds ratio under a naive disease model. The simplicity of the 

naive model facilitates the simulation and mathematical analysis of the 

underestimation effect. We report how disease characteristics (e.g., 

prevalence, number of risk SNPs, minor allele frequency, and effect 

sizes) influence the underestimation effect. We also show how this 

underestimation affects the estimated explained variance. Subsequently, 

we illustrate the underestimation effect under a more realistic genetic 

architecture. Finally, we discuss the implications of underestimating 

effect size and suggest potential solutions. 
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Methods 

Modeling a heritable disease requires a function relating genotype to 

disease risk. To simulate the implications of traditional GWA analysis 

using odds ratios, we constructed a disease generating model based on 

the odds model of disease risk. Before discussing this model in more 

detail, we illustrate the disease generating process of the odds model 

with an example. We assume that all risk alleles at different loci have 

equal frequency and equal effect size (these assumptions have been 

shown by others to have little impact on interpretation of results)6, 208, 

209. For example, Figure 1 shows disease probability and the distribution 

of risk allele counts for a disease with a prevalence of 1%, assuming a 

total number of 200 effect alleles (i.e., 100 risk SNPs); the odds ratio of 

each risk allele is 1.6 and the risk allele frequencies are 0.25. Under this 

additive model on the log odds scale, people carry on average 50 risk 

alleles (binomial mean is 200x0.25) corresponding to a negligible 

disease risk. However, as the number of risk alleles exceeds a threshold, 

disease probability increases rapidly, demonstrating the highly non-

linear relationship between genetic risk factors and disease risk. Those 

at highest risk of disease carry more risk alleles, > 70 in this example, 

but each affected person could have a unique portfolio of risk alleles; 

the effect of a risk allele on disease depends on the genetic background 

(other risk alleles) carried by an individual. The (implicit) error variance 

in the odds model is 2 / 3 , the variance of the standard logistic 

distribution. 
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Figure 1. Disease model. Probability of disease as a function of the number of 
risk alleles (line) and the distribution of risk alleles in a large sample (n = 
10,000) (histogram). Disease prevalence is 1%. The odds ratio of each risk SNP 
is 1.6 and the allele frequencies of risk alleles are 0.25. The maximum number of 
risk alleles is 200 (i.e., 100 SNPs). The (implicit) error variance of the odds 

model is 2 / 3 . 

As mentioned before, the marginal odds ratio produced by single SNP 

analysis is averaged over all possible genetic backgrounds. However, the 

odds ratios from the odds model, which we assume generates the 

disease, are conditional on a fixed background odds of disease (see 

section A3.2 in Appendix S1). We will therefore refer to the conditional 

odds ratio as the true odds ratio ORt and to the marginal odds ratio as 

the (possibly under-)estimated odds ratio ORe. To relate ORe to the 

prespecified ORt, we performed the following four steps: (1) we specified 

a disease generating model based on disease characteristics including 

ORt, (2) we mathematically derived the genotype distribution of a single 

SNP of interest given disease status and disease characteristics, (3) we 

repeatedly simulated a case-control sample of the SNP of interest based 

on this genotype distribution and computed the corresponding SNP-

based odds ratio (ORe), and (4) we reported the median of all estimated 
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odds ratios ORe, reflecting the asymptotic marginal odds ratio estimated 

by single SNP analysis. We now discuss the disease generating model. 

We specified a disease generating model with four parameters: (1) 

disease prevalence pD, (2) true (allelic) odds ratio ORt, (3) minor allele 

frequency of risk alleles pa, and (4) the total number of effect alleles na. 

Risk alleles can be either minor alleles or major alleles. We only consider 

minor risk alleles, as the analysis is analogous for major risk alleles. Let 

D be disease status and 0 1 0 1, , )( a az x x  a linear function of the 

number of risk alleles ax  with effect size 1  and intercept 0 . Then the 

probability of disease conditional on the number of risk alleles is defined 

as (see also Equation S3 in Appendix S1) 

0 1
0 1

1( 1 ; , )
1 [ ( , , )]

| a a
a

x
e

P
xp z x

D X  (1) 

As effect size 1  is defined on a log odds scale, 1exp( )  is the effect size 

on an odds scale. Therefore 1( )t expOR  is the true odds ratio in the 

biological reality we aim to model. 

So far we specified the probability of disease conditional on the number 

of risk alleles. To obtain a full probability model of disease, it is 

necessary to specify the distribution of risk alleles as well. Assuming 

Hardy-Weinberg equilibrium and linkage equilibrium for a total of an  

effect alleles (i.e., twice the number of risk SNPs) and risk allele 
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frequency pa, the number of risk alleles ax  in the population can be 

modeled with a binomial distribution 

| , )( (1 )a a aa x n x
a a a a a

a

n
n p p p

x
P X

(2) 

Combining distribution 1 and 2 results in a joint probability distribution 

of disease and number of risk alleles given four disease parameters: risk 

allele frequency ap , total number of effect alleles an , effect size 1  on a 

log odds scale, and intercept 0 . 

0 1 0 1| , , , ) , , ) ( |( , ( | , )a a a a a a aP D X P Dn p P X nX p  (3) 

The probability of disease status 0 1, , ,( | )a anP D p  can be obtained 

by summing over all possible genetic liabilities aX . 

Although 0  has an interpretation as the baseline (or background) log 

odds of disease, there is no strong prior information what this might be, 

as there is for the other three model parameters. However, as disease 

prevalence is an observed disease characteristic, it is possible to set 0  

such that the disease probability of the model 

0 1, ,1| , )( a aP pD n  equals disease prevalence Dp . Although 

0 1, ,1| ,( )a a DpP D n p cannot be solved analytically for 

0 , an error function, such as the sum squared error can be defined 
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(Equation S1 in Appendix S1). This error function can be minimized to 

obtain a numerical approximation of 0 that satisfies the equality. 

Because 1( )t expOR  and number of risk SNPs 
1
2s an n , the result is a 

model of disease with the four parameters: disease prevalence ( )Dp , 

true allelic odds ratio (ORt), number of risk SNPs ( )sn , and risk allele 

frequency in risk SNPs (pa). As a fifth parameter, error variance on the 

liability trait could be included to model the proportion of variance 

explained by all SNPs (heritability), but as this was not required for the 

derivations in this paper, we left the error variance implicit and constant 

(see section A3.4 in Appendix S1). From the four-parameter disease 

model we derived the genotype distribution of SNP s  given disease 

status and model parameters | , , )( , ,s D t a aD p OR p nP X  (see Equation S2 

in Appendix S1). Based on this distribution we simulated 10,000 case-

control samples and computed the median estimated SNP-based odds 

ratio ORe. By relating the odds ratio ORe obtained when performing a 

single SNP analysis to the true odds ratio ORt, we could study the 

underestimation effect for different disease characteristics. Further 

details on simulation technicalities can be found in section A1 of 

Appendix S1. 

Although the odds model is mathematically convenient, it assumes a 

constant effect size and minor allele frequency for all risk alleles. 

Therefore we performed a second simulation investigating the 

underestimation effect under a more realistic genetic architecture. In 

GWA studies absolute effect sizes on the log odds scale are roughly 

exponentially distributed208, 210. Consequently, effect sizes were drawn 

from an exponential distribution with rate parameter 5. This corresponds 

with an expected ORt of 1.25, but acknowledges that true effect sizes 
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are frequently small and rarely large. To avoid rare variants, allele 

frequencies were assumed to be uniformly distributed between 0.05 and 

0.95. Effect sizes and allele frequencies were drawn once and fixed in 

the rest of the simulation replicates. The odds disease model from the 

first simulation is easily extended to accommodate different fixed effect 

sizes by defining 0 1 0
1

, , )(
sn

i
i

a iz xx  in Equation 1, where sn  is 

the number of SNPs, i  is the effect size of SNP i and {0,1,2}ix  refers 

to the number of risk alleles at SNP i. The intercept 0  was chosen 

corresponding to a disease prevalence of 1%. 

The asymptotic single SNP estimate was again assessed by generating 

10,000 case-control samples and computing for each SNP the median 

odds ratio using a single SNP logistic regression. Case-control samples, 

5000 subjects each, were generated by repeatedly drawing from the 

population distribution until 2500 cases and 2500 controls were 

sampled. 

Results 

If a disease is caused by a single risk SNP, the odds ratio estimated by 

single SNP analysis (ORe) will, on average, reflect the true odds ratio 

(ORt) (section A2 in Appendix S1). However, if a disease is caused by 

numerous risk SNPs, the median ORe follows an asymptote. Figure 2 

shows the relationship between median ORe and ORt for diseases caused 

by 100 risk SNPs with different prevalences (A) and different minor 

allele frequencies of the risk SNPs (B). A wide range of prevalences and 

minor allele frequencies results in upper limits for the median SNP-

based odds ratio. This asymptotic effect is more dramatic in diseases 
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with higher prevalences and/or higher minor allele frequencies. 

Depending on the model parameters, the upper bound is reached with 

true model odds ratios as low as 1.5. In that case traditional association 

testing cannot differentiate, for example, between a true odds ratio of 

1.5 and a true odds ratio of 3, as both will be estimated at 1.5, the 

maximum value that can be obtained. In other words, under this disease 

model large true effect sizes are not identified as such by single SNP 

association testing. 

 

Figure 2. Numerous risk SNPs. Relationship between median estimated SNP-
based odds ratio (ORe) and true conditional model odds ratio (ORt) for a disease 
with 100 effect SNPs. (A) Different prevalences with risk allele frequency 0.25. 
(B) Different risk allele frequencies with prevalence 1%. Simulations are based 
on a case-control study of 3500 subjects and a 1:1 case:control ratio. Medians 
are based on 10,000 case-control samples. 

The asymptotic constraint on the estimated odds ratio is caused by two 

factors. First, single SNP odds ratios (ORe) are estimated across an 

average over all possible background risks in cases and controls; this 

can be seen when computing the conditional probability of disease 

status given the genotype at a particular SNP (section A3.1 in Appendix 

S1). Only when the risk allele frequency (pa) approaches zero, the 

background risk will approach zero, which is similar to a disease with a 

single risk SNP. This is why low risk allele frequencies (for example, 
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0.01ap ) result in a delayed asymptotic effect compared to high risk 

allele frequencies ( 0.1ap ) (Figure 2B). If the odds ratio for an allele 

could be estimated in a subsample of the population that all carried the 

same background risk, then the SNP-based odds ratio (ORe) would 

(almost) equal the true odds ratio (ORt) (see section A3.2 in Appendix 

S1). 

Although weighted averaging is part of the explanation of the 

constrained odds ratios, it is not a sufficient explanation, because for 

continuous phenotypes the asymptotic effect does not occur when 

computing SNP-based effect sizes (section A3.3 in Appendix S1). It is 

due to the non-collapsibility of the odds ratio that averaging over 

background risks results in a discrepancy between the estimated 

marginal odds ratio ORe and the true conditional odds ratio ORt. 

A priori the total number of risk SNPs in a disease is unknown, but it is 

of course possible to simulate the results of traditional association 

testing for diseases with different numbers of risk SNPs. The asymptotic 

effect is stronger for diseases which are influenced by a large number of 

risk SNPs (Figure 3). In other words, an increase in the number of SNPs 

associated with disease results in increased underestimation. As 

complex diseases are assumed to be influenced by many risk SNPs, 

analyzing numerous large-effect SNPs with traditional association testing 

would result in considerable underestimation. This type of 

underestimation is not due to a lack of power as increasing sample size 

will decrease the variance of effect sizes obtained, but will not reduce 

underestimation due to the non-collapsibility of the odds ratio. 
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Figure 3. Number of risk SNPs. Effect of total number of risk SNPs on median 
SNP-based odds ratio (ORe) for different true odds ratios (ORt). An allele 
frequency of 0.25 for risk alleles and a prevalence of 1% is assumed. Simulation 
is based on a sample of 3500 subjects and a 1:1 case:control ratio. Median is 
based on 10,000 case-control samples. 

We will now show that underestimation of effect sizes can result in 

additional missing heritability. Narrow-sense heritability is the 

percentage of total phenotypic variance that is explained by additive 

genetic variance. Figure 4 compares the explained variance (on the log 

odds scale) of true odds models with the explained variance based on 

effect sizes obtained from single SNP association tests. Although many 

measures of explained variance exist for logistic regression, we adopted 

McKelvey-Zavoina's211 pseudo-R2, as it is defined on the log odds scale 

and closely mirrors the explained variance of continuous traits212 (see 

section A3.4 in Appendix S1 for more details on McKelvey-Zavoina's 

pseudo-R2). 
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Figure 4. Explained Variance. McKelvey-Zavoina's pseudo-R2 (on log odds scale) 
as a function of true effect size for an odds model with true odds ratio (dashed 
line) and an odds model with median odds ratio obtained by single SNP analyses 
(solid line) for (A) different risk allele frequencies, (B) different prevalences, and 
(C) different number of effect SNPs. Unless stated otherwise models are based 
on a disease prevalence of 1%, 100 effect SNPs with risk allele frequencies of 
0.25, a case-control sample of 3500 subjects and a 1:1 case:control ratio. 

McKelvey-Zavoina's pseudo-R2 strongly depends on the effect size of risk 

alleles and the genetic variance in risk SNPs. Therefore even true odds 

models show little explained variance in case of small effect sizes or low 

minor allele frequencies (e.g., pa = 0.01). Except for diseases with rare 

causal variants, true models with moderate to large effect sizes explain 

more than 80% of total variance, approaching 100% for very large 

effect sizes, indicating large heritability. However, odds models based on 

underestimated SNP-based odds ratios (ORe) show a loss in explained 

variance compared to odds models based on true effect sizes (ORt). In 

the unrealistic case of 100% heritability the typical loss of explained 

variance is around 20%. A more realistic disease with a heritability of 

80%, prevalence of 1% and a minor allele frequency of 50%, still results 

in an expected loss of more than 10% in explained variance (see Figure 

4A). Although prevalence does not affect the true heritability (dotted 

line), it does affect the heritability based on ORe (solid line) (Figure 4B). 
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Truly associated SNPs are unknown a priori and effect sizes will be 

estimated with error. Nonetheless, this analysis shows that even if truly 

associated SNPs are known and effect sizes are estimated without error, 

traditional association testing on dichotomous phenotypes can result in a 

significant loss of explained variance. 

The previous results were all based on the assumption of fixed effect 

size and allele frequency. Figure 5 shows odds ratios estimated with 

single SNP analysis, using a more realistically simulated data set in 

which absolute effect sizes are exponentially distributed and minor allele 

frequencies are uniformly distributed. Moderate and large odds ratios 

are underestimated and the underestimation effect increases with effect 

size. For example the highest risk SNP with a true (conditional) odds 

ratio of 4.74 has a marginal odds ratio of 4.36, resulting in 

underestimation of 9% on the odds scale. As expected, odds ratios close 

to one do not show underestimation. Similar to the naive disease model 

results, increasing the average true odds ratio, the number of effect 

SNPs, or the prevalence further increases the underestimation effect 

(data not shown). 
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Figure 5. Varying effect sizes. Relationship between median estimated SNP-
based odds ratio (ORe) and true conditional model odds ratio (ORt) for a disease 
with 100 effect SNPs and a disease prevalence of 1%. Effect sizes on log odds 
scale were drawn once for each SNP from an exponential distribution with rate 
parameter 5 and fixed for all 10,000 case-control simulations. Similarly, allele 
frequencies were drawn once for each SNP from a uniform distribution between 
0.05 and 0.95 and fixed for all case-control simulations. Case-control simulation 
was based on a sample of 5000 subjects and a 1:1 case:control ratio. 

Discussion 

Summarizing, our analysis shows a fundamental limitation of applying 

single SNP association tests to dichotomous phenotypes. Single SNP 

tests can severely underestimate moderate and large effect sizes for 

diseases with numerous risk SNPs due to non-collapsibility of the odds 

ratio. Therefore the marginal odds ratios obtained by single SNP tests 

can be smaller than the true conditional odds ratios. This 

underestimation reduces the explained variance and hence contributes 

to the missing heritability. Underestimation is most pronounced in 

diseases with high-risk SNPs (i.e., mean OR>1.25), common affect SNPs 

(i.e., MAF>0.1), a large number of risk SNPs (i.e., 100 or more) and 

high prevalence (>10%). 
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Our results are consistent with empirical findings in the GWAS literature. 

Odds ratios reported in GWA studies are generally small31. For example, 

a recent GWA study reported 57 regions outside the major 

histocompatibility complex associated with multiple sclerosis, none of 

which had an odds ratio much higher than 1.5 (see Figure 2 in Sawcer 

et al.213). Although occasionally large effect sizes have been reported, 

numerous common high-risk SNPs have not been identified for a single 

dichotomous trait. Searching the GWAS catalogue 

(http://www.genome.gov/gwastudies; accessed August 24, 2011) for 

SNPs with OR>4 and p<10-8, shows that no single study reports a 

disease that is influenced by two or more common SNPs with OR>4. 

Diseases for which high odds ratios are reported for common SNPs (with 

minor allele frequency in controls > 0.05) include auto-immune diseases 

such as type I diabetes (OR=8.3 and OR=5.49)214, 215 and ciliac disease 

(OR=7.04)216. These high-risk SNPs are part of the major 

histocompatibility complex. 

Single SNP analysis cannot identify large effect sizes of numerous risk 

SNPs, even if many high risk SNPs would exist. This scenario is mostly 

of theoretical interest though, as research on quantitative traits, which 

are not affected by non-collapsibility, suggests that numerous high risk 

SNPs are not likely in practice. However, conditional odds ratios are 

likely to be larger than the marginal odds ratios commonly reported. The 

significance thresholds for marginal and conditional odds ratio are equal 

as both odds ratios are equivalent in case of no effect205. That is, under 

the null distribution underestimation is not an issue. Therefore, 

underestimation impedes the identification of SNPs above the 

significance threshold with underestimated values below the significance 

threshold. 
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GWA studies of diseases with high prevalence have reported less 

significantly associated genetic variants than similar studies of diseases 

with low prevalence. For example, GWA studies of major depression 

disorder, which has a life time prevalence of 15%, have reported no 

associations that reached genome-wide significance or have been solidly 

replicated43, 217. On the other hand, studies of schizophrenia and bipolar 

disorder, which have life time prevalences of 1% or less, have reported 

several SNPs that did reach genome-wide significance and/or were 

replicated43. There are likely to be many factors contributing to the 

differential success of GWAS for psychiatric disorders. For example, a 

lower heritability for depression compared to schizophrenia could imply 

smaller effect sizes under an architecture of the same number of causal 

variants, hence requiring larger sample sizes to achieve the necessary 

power to detect variants that explain the same proportion of variance. 

Nonetheless, the empirical data are consistent with our result that the 

underestimation of effect size is larger and the explained variance in 

liability is lower for complex diseases with high prevalence compared to 

diseases with low prevalence. 

The underestimation effect due to non-collapsibility has important 

implications for GWA studies of complex diseases. An important aim of 

GWA analyses is to select truly associated SNPs for use in subsequent 

analyses and to identify causal variants6, 218. For selection purposes 

moderate underestimation of effect sizes need not be a problem, if 

sample sizes are large enough. However, underestimation of effect size 

requires larger sample sizes to identify both truly associated SNPs and 

causal variants. One solution to avoid underestimation of true effect 

sizes is to analyze continuous instead of dichotomous phenotypes, if 

available. Continuous phenotypes can usually be modeled with linear 

regression and under an additive genetic model SNPs are independent 
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and single SNP association tests will not result in underestimation. The 

use of continuous phenotypes is consistent with the quest for 

endophenotypes for complex (psychiatric) diseases68. Another solution is 

to estimate effect sizes of all SNPs simultaneously rather than 

individually. It is for example feasible to estimate the effect sizes of 

more than 100,000 SNPs in a single analysis219. Based on the results of 

Robinson et al.202, we expect that a multi SNP analysis is more powerful 

than a single SNP analysis in the context of a complex disease. Methods 

for estimating aggregate statistics such as explained variance, total 

number of risk SNPs, and average effect size of risk SNPs, which analyze 

all SNPs simultaneously, also exist220-222. Even in the context of 

continuous traits it might be beneficial to opt for multi SNP analysis, as 

adding covariates can reduce the standard error of the estimates, 

requiring a smaller sample size to achieve significance. 

There are some limitations to our analysis. First of all, our conclusions 

are conditional on simple model assumptions. However, simple 

assumptions do underscore the fundamental nature of the 

underestimation effect. A second limitation is that we have not proved 

that effect sizes reported in traditional GWA studies are indeed 

underestimated. Biases such as the winner's curse could also result in 

overestimation223, 224. The winner's curse refers to the fact that due to 

stringent multiple testing correction it is likely that the first significant 

finding of a SNP will have a larger effect size than subsequent 

independent replications. It is therefore unclear whether in practice 

reported odds ratios are overestimated or underestimated. The major 

difference between the underestimation effect we discuss and the 

winner's curse bias, is that the latter will decrease as the sample size 

increases, whereas non-collapsibility results in a fundamental 

underestimation that is not affected by sample size. Finally, although we 
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show that underestimation can partly explain missing heritability, this 

effect could be modest. Continuous traits such as human height are not 

affected by the underestimation effect, but also show missing 

heritability52. 

In conclusion, single SNP association testing on dichotomous phenotypes 

can be problematic. Our analysis implies that odds ratios typically 

reported in GWA studies31 could be underestimates of the true 

conditional odds ratios. We argue that asymptotic underestimation is a 

serious draw-back, as it cannot be remedied by increasing sample size. 

We therefore recommend analyzing all SNPs simultaneously. As a 

variety of multi SNP methods have been proposed in the literature, we 

are currently comparing the performance of several of those on real 

GWAS data. 
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Chapter 7 

What cure models can teach us about 

genome-wide survival analysis 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This chapter has been submitted as: Sven Stringer, Damiaan Denys, René S. Kahn, Eske 

M. Derks (submitted). What cure models can teach us about genome-wide survival 

analysis. Genetic Epidemiology. 



 

122 

Abstract 

Introduction: The aim of logistic analysis is to estimate genetic effects 

on disease risk, while survival analysis aims to determine effects on age 

of onset. In practice, genetic variants may affect both types of 

outcomes. A cure survival model analyzes logistic and survival effects 

simultaneously. The aim of this simulation study is to assess the 

performance of traditional logistic and survival analysis for data 

simulated with a cure model and to investigate the benefits of a cure 

survival analysis. 
Methods: We simulated data under a cure model and varied the 

percentage of subjects at risk for the disease (cure fraction), the logistic 

and survival effect sizes, and the contribution of genetic background risk 

factors. We then computed the type-1 error rate, power, and estimation 

bias of logistic, Cox PH, and cure PH analysis, respectively. 
Results: The power of logistic and Cox PH analysis is sensitive to the 

cure fraction and the background heritability in the simulation model. 

Logistic and Cox PH analyses result in biased estimates when data is 

simulated according to a cure model with cure fractions larger than zero. 

In the absence of genetic background risk, fitting a cure model results in 

unbiased estimates of both the odds ratio and the hazard ratio. 
Discussion: Cure survival analysis takes cure fractions into account, 

resulting in unbiased estimates if no genetic background risk is present. 

Since genome-wide cure survival analysis is not computationally 

feasible, we recommend using cure survival analysis only for genetic 

variants that are significant in a traditional survival analysis. 
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Introduction 

In the last decade many genome-wide association (GWA) studies have 

been published. The GWAS catalog currently contains 1924 GWA studies  

(www.genome.gov/gwastudies; accessed June 27, 2014)79. For 

example, in the field of psychiatry, the Psychiatric Genomics Consortium 

(PGC) has reported GWA analyses on diseases such as ADHD225, bipolar 

disorder226, major depressive disorder227, and schizophrenia5. These 

studies typically include thousands or tens of thousands of subjects with 

the aim of identifying genetic variants that affect the risk of developing 

a disorder. Alternatively, researchers have aimed to identify genetic 

variants that affect age of onset of a disease. For example, Bergen et 

al.228 investigated which genetic variants affect age of onset in 2762 

schizophrenia patients but did not find genome-wide significant SNPs, 

possibly due to lack of power. Identifying genetic variants which 

contribute to disease risk and age of onset are both legitimate research 

goals for which different analysis methods are typically applied. Risk of 

disorder is typically analyzed using logistic regression, while time to 

onset is often analyzed using survival analysis. In previous studies, the 

focus has been on the analysis of either disease risk or age of onset as 

separate outcome measures, while in reality a genetic variant may 

influence both types of outcome. In this study, we will evaluate the 

possibility of incorporating genetic effects on disease risk and age of 

onset within a single analysis using data simulation. We aim to 

investigate the implications of performing a traditional analysis in which 

genetic variants are assumed to show only a single type of genetic 

effect, while both types of effects are in fact present. Results will be 

compared with those of a more complex type of survival analysis, 

allowing for simultaneous estimation of disease risk and age of onset 

effects. 
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As the name implies, survival analysis can be applied to analyze survival 

times or, equivalently, age of death. However, the event of interest 

need not be death, but can be of any type, including timing of disease 

onset and disease relapse. In genetic survival analysis we may be 

interested in estimating genetic effects on time of disease onset. This 

type of analysis addresses the question whether risk allele carriers 

develop a disease at an earlier age than non-carriers. 

For many diseases, the majority of subjects in a sample will not develop 

the disease during their lifetime. The fact that some subjects may never 

be affected by the disease of interest poses a problem for survival 

analysis. Traditional survival analysis treats all unaffected subjects 

similarly. However, there may be a qualitative difference between 

subjects that have not yet experienced the event and those that never 

will. Cure models can accommodate this by modelling disease risk (i.e., 

lifetime affected vs. lifetime unaffected) with a logistic model and only 

for lifetime affected cases the time to event is modeled with a survival 

model229. The name 'cure' refers to the original development of the 

model in the context of long-term survival of cancer patients after 

treatment. In that context cure models explicitly model a subset of 

cured cancer patients, called the cure fraction, that die at ages more 

similar to healthy people compared to patients who are not cured230. 

However, cure models can be applied to any context in which a subset 

of subjects is not affected by the event of interest. In this article, a cure 

model assumes populations are a mixture of subjects who will never 

develop the disorder of interest and those who will. In this case the 

proportion of subjects who will never develop the disorder would be the 

'cure' fraction as for this group survival effects and time to disease onset 

are not applicable. 
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In this simulation study we apply the cure model to introduce both 

logistic and survival effects for a genetic variant. We investigate the bias 

in parameter estimation when performing a traditional survival analysis 

while including two types of genetic effects in the simulation model. 

Additionally, we will investigate the implications of ignoring genetic 

background risk on the estimates. Heritable phenotypes often show a 

complex genetic architecture, meaning that many genetic variants 

contribute to the phenotype231. Since genetic variants are typically 

analyzed one at a time, the genetic background risk from other genetic 

variants is ignored. This can result in biased effect estimates201, 232. 

Therefore we will simulate cure model data with and without the 

presence of genetic background risk. 

In this study we aim to address the following two research questions. 

The first question regards the influence of a cure fraction on parameter 

estimation in traditional logistic analysis and survival analysis. The 

second question concerns the feasibility of analyzing data using the 

extended cure survival model. We will investigate whether the cure 

model offers advantages over traditional survival analysis. To answer 

these questions we look at several characteristics of the analysis 

models: test characteristics such as type-1 error rate and power, bias in 

the effect size estimates, sensitivity to ignored genetic background risk, 

and practical considerations such as running time of the fitting 

procedure. 

Methods 

Simulation model 

Data were simulated according to a cure model with a logistic 

component and a survival component. The logistic component models 
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the probability of being affected by disease. It divides the population in 

two distinct subpopulations: subjects at risk and subjects not at risk. 

The proportion of subjects not at risk is the cure fraction. Cure fractions 

range from 0 to 1, with 1 representing a situation in which no subject 

will be affected during their lifetime and 0 representing a situation in 

which all subjects will become affected eventually. While a cure fraction 

of 1 is not very useful to consider, because there would be no variation 

in the data, a cure fraction of 0 is effectively a traditional survival model, 

since all subjects will in principle develop the disease during their 

lifetime. In that case the logistic part of the model is not defined. The 

cure fraction is mostly determined by the intercept of the logistic model. 

An intercept of minus infinity (or simply an extremely large negative 

value) corresponds to a cure fraction of zero. In that case all subjects 

are at risk. The logistic effect parameter (i.e., the log(odds ratio)) 

models the contribution of a risk allele to disease risk.  

On the other hand, the survival component of the cure model models 

the age of onset for subjects who will develop the disease. A popular 

survival model is the Cox proportional hazard (PH) model. The Cox PH 

model assumes that the hazard ratio is constant over time. The hazard 

is a measure of how likely it is that an event will happen at a particular 

time given that it has not yet happened. For example, if 0.9% of people 

die exactly at age 60 and 90% of people die at 60 or older, then the 

hazard of dying at age 60 is approximately 0.9%/90%=1%. Although 

the hazard of dying may change over time, the proportional hazards 

assumption implies that the ratio of hazards between risk allele carriers 

and non-carriers is constant over time. The Cox PH model is elegant in 

that it does not make any assumptions about the hazard function itself, 

but only about the proportion of two hazard functions.  
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Although the Cox PH model is useful for analyzing survival data, it 

cannot be used to simulate data as it does not specify the hazard 

function. Therefore we have chosen the parametric Weibull accelerated 

failure time (AFT) model to model age of onset in our cure model, since 

it meets the proportional hazard assumption of the Cox PH model. 

Moreover, the AFT parameter of the Weibull AFT model and the hazard 

ratio of the Cox PH model provide different interpretations on the same 

survival effect, since both parameters can be converted into each other. 

Therefore we can choose a hazard ratio, convert it into a AFT parameter 

and use the Weibull AFT model to simulate age at event for subjects 

who are at risk. The Weibull AFT model has three parameters: the 

survival SNP effect size and a scale and rate parameter of the Weibull 

distribution. Depending on the interpretation, the survival SNP effect 

size models the contribution of a risk allele to the hazard (log(hazard 

ratio)) or the expected age of initiation (log(AFT parameter)). The scale 

and rate parameter of the Weibull distribution determines the 

distribution of age of onset for subjects carrying no risk allele at that 

SNP. Since we will not study the effect of the scale and rate parameters, 

we arbitrarily fixed both parameters at twenty. This corresponds to a 

median age of onset of 19.6 years and a variance of 1.56 years. 

For the SNP of interest (i.e., the SNP to be analyzed while ignoring all 

other background SNPs) we modeled two allelic effect size parameters: 

an odds ratio (OR) for the logistic allelic effect and a hazard ratio (HR) 

for the survival allelic effect. In addition to these SNP parameters, we 

also simulated a logistic and survival effect for genetic background risk. 

The genetic background risk is the cumulative genetic risk of all other 

SNPs that are not currently analyzed. Although we include the 

background risk as a covariate in our simulation model, we will omit the 

covariate in the analysis models to approximate a traditional GWA 
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analysis, in which each SNP is analyzed independently, while ignoring 

other SNPs. In the simulation model, the genetic background risk is 

normally distributed with mean zero. In other words, an individual with 

a genetic background risk of zero represents an average amount of 

genetic background risk. In our simulations, we set the background 

heritability to 0% (no background risk) or 50% (background risk) 

respectively, for both logistic and survival effects. The background 

heritability is defined as: 

 

where Var is variance, ε is the error defined on a linear scale (log(OR) or 

log(age of onset) respectively), βbg is the background effect size, and Xbg 

is a random variable representing the genetic background risk. 

To facilitate comparison of SNP effect sizes, we define the SNP 

heritability as:  

 

where SNP is the SNP to be analyzed, βSNP its effect size on a linear 

scale (log(OR) or log(age at event) respectively), and XSNP a random 

variable representing the number of risk alleles present. In the model 

we set Var(Xbg)=0.375 and Var(XSNP)=37500, corresponding to allele 

frequencies of 0.25 and 100,000 background SNPs. Finally, we set 

Var(ε) to the standard variance of the error distribution corresponding to 

the type of effect (i.e., logistic or survival). Fixing these parameters for 
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all simulation models results in a one to one correspondence between 

effect size (i.e., OR and HR) and heritability. 

Survival data typically involves censoring: the unavailability of age of 

onset for some subjects. For example, subjects who have not been 

affected by disease at the time of their assessment have an unknown 

age of disease onset and are therefore referred to as censored. An 

important assumption in survival analysis is uninformed censoring. This 

means that whether or not a subject is censored is unrelated to age of 

onset. In other words, censored subjects should on average develop the 

disease at the same time as uncensored subjects. We assumed 

uninformed censoring in our simulation model. To simulate censoring we 

assumed uniform right-censoring between the ages of 15 and 25 years. 

This interval covers the range of plausible values for age of onset in our 

simulation model. In other words, each subject drops out of the study 

randomly at an age between 15 and 25 years old. If, by that time, the 

subject has not contracted the disease of interest, he or she is censored 

and age of onset is unknown. 

The above model results in the simulation of essential characteristics of 

survival GWA data with logistic and/or survival SNP effects, at varying 

cure fractions, and at a particular genetic background risk. 

Analysis model comparison 

To investigate the implications of analyzing data using traditional 

survival or logistic analysis, while the data is in fact generated according 

to a cure model, we have simulated 10,000 data sets of 500 subjects for 

152 parameter combinations. We varied the following parameters: (1) 

logistic SNP heritability [0%, 1%], (2) survival effect SNP heritability 
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[0%, 1%], (3) background heritability for logistic and survival effects 

[0%, 50%], and (4) cure fraction 0% to 90% with steps of 5%. For each 

simulated data set, we have estimated the odds ratio using a logistic 

regression model and the hazard ratio using a semi-parametric Cox PH 

model. We will report type 1 error rate, power, and bias of effect sizes.  

To investigate the value of using a cure analysis model to estimate the 

logistic and survival effect simultaneously, we have also analyzed a 

subset of the simulated data with a cure Cox PH model instead of the 

traditional Cox PH model. Since fitting the cure Cox PH model was 

computationally demanding, we restricted the analysis to the following 

20 parameter combinations: (1) logistic and survival SNP heritability 

both 0% or 1%, (2) background heritability 0% or 50%, and (3) cure 

fraction [10%, 30%, 50%, 70%, 90%]. In addition to type-1 error, 

power, and bias, we will also report the running time for the cure PH 

analysis, since this type of analysis is expected to be computationally 

more demanding.   

All results are reported as median values based on 10,000 simulations. 

We used a significance threshold of 0.1 instead of the traditional 

threshold of 0.05 to increase the reliability of the type-1 error rate 

estimates. This choice does not affect our qualitative conclusions. All 

statistical analyses were performed in R version 3.1.0 using the glm, 

survival, and smcure packages respectively233. Data simulation was 

performed in R as well. 
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Results 

Traditional analysis of cure data 

Type 1 error 

The type-1 error rate of both logistic regression and Cox PH analysis is 

controlled at the specified alpha level. Figure 1 shows the type-1 error 

rate (alpha = 0.1) as a function of cure fraction. Figure 1a shows results 

based on a simulation model without genetic background risk (0%), 

while Figure 1b is based on a model with 50% background heritability 

for both the logistic and survival effect. The results indicate that neither 

the introduction of cure fractions nor genetic background risk inflate the 

type-1 error rate of logistic and Cox PH analysis. 

Figure 1. Type-1 error rate (alpha=0.1) as function of cure fraction for logistic 
and Cox PH analysis coefficients. (A) Simulation data without background 
heritability (B) Simulation data with 50% background heritability for both 
logistic and survival effects. The SNP heritability of logistic and survival effect is 
0%. 
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Power 

The power to detect either type of genetic effect with traditional logistic 

and survival analysis depends on the types of genetic effect that are 

present in the simulated cure data. We distinguish three types of genetic 

variants: (1) variants with only a logistic effect, (2) variants with only a 

survival effect, and (3) variants with both a logistic and a survival effect. 

Figure 2 shows the power of logistic regression and Cox PH analysis as a 

function of cure fraction for each of these three combinations of genetic 

effects. As mentioned before, a cure fraction of 0 corresponds to a 

traditional survival model where no logistic effect is defined, while a cure 

fraction of 1 corresponds to a situation in which none of the subjects will 

ever contract the disease and neither a logistic effect nor a survival 

effect can be defined. We therefore focus mostly on cure fractions 

between 0 and 1. 

The first type of variant only exhibits a logistic effect (Figure 2a-b). If no 

genetic background risk is present, power initially increases with cure 

fraction, but decreases again as the cure fraction approaches 1 (Figure 

2a). This is true for both the logistic and the Cox PH analysis. Because 

the logistic effect is not defined at a cure fraction of 0, the power to 

detect a logistic effect starts at type-1 error rate. Note that the Cox PH 

analysis is sensitive to logistic effects, since no survival effect is actually 

present. In fact, the power of Cox PH analysis to detect logistic effects is 

higher than that of the logistic analysis, which can be explained by the 

fact that the latter does not account for uninformed censoring. 

The results in the previous paragraph are based on a simulation model 

without genetic background risk. When we introduce genetic background 

heritability (50%) in the model, the power profile changes in a similar 

way for the Cox PH and logistic analysis (Figure 2b). First of all, the 
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difference in power between the two analyses decreases. Furthermore, 

the introduction of genetic background risk decreases the power for both 

analyses for most cure fractions (<0.8). 

The second model only exhibits a survival effect (Figure 2c-d). If no 

genetic background risk is present (Figure 2a), the power of the Cox PH 

analysis is optimal if the cure fraction is zero. Its power decreases and 

approaches the type-1 error rate as the cure fraction approaches one, 

because less and less subjects will ever experience the event. This is 

why data with a cure fraction close to one (i.e., very few subject ever 

experience the event) cannot be analyzed. Compared to Cox PH 

analysis, logistic analysis has much lower power, because no logistic 

effect is present. However, logistic analysis is somewhat sensitive to the 

survival effect, since the power is larger than the type-1 error rate at 

low cure fractions (<0.5).  

The power curves of logistic and survival analysis are qualitatively 

similar for models with background heritability (50%) (Figure 2d). 

However, compared to models without genetic background risk, the 

power of survival analysis is lower, while that of logistic regression is 

higher. 

The third type of model exhibits both a survival effect and a logistic 

effect of equal size (h2=1%). (Figure 2e-f). The power to detect either 

type of genetic effect is therefore a function of the power to detect 

logistic only effects and survival only effects The results indicate that in 

a model with no genetic background risk the power of Cox PH analysis 

remains high for cure fractions <0.5 (Figure 2e). This can be explained 

by the fact that at low cure fractions (<0.25) the analysis is sensitive to 

logistic effects, while at higher (>0.25) cure fractions Cox PH analysis is 
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sensitive to survival effects. On the other hand, the power of logistic 

analysis to detect either type of genetic effect is very similar to the 

power to detect a logistic only effect, since logistic analysis has low 

power to detect survival effect. 

Again, the power curves for both types of analysis are qualitatively 

similar if we introduce background heritability (50%) (Figure 2d). 

Compared to models without genetic background risk, the power of 

survival analysis is lower in models with genetic heritability, while the 

power of logistic regression is higher. 

Bias 

We also investigated the bias in parameter estimates when performing 

logistic regression and Cox PH analysis with cure model data. First we 

compare the odds ratio estimate of the logistic analysis for data 

including only a logistic effect with the estimate for data with both a 

logistic and a survival effect. Figure 3a shows the median estimated 

odds ratio of 10,000 simulations as a function of cure fraction if no 

genetic background risk is present. We consider two situations: 

analyzing simulated data including only a logistic effect and analyzing 

simulated data including both a logistic and a survival effect. The 

estimated odds ratio in both situations slightly increases with cure 

fraction at first (cure fractions < 0.5), before it decreases again as the 

cure fraction approaches 1 (cure fractions > 0.5). However, in both 

situations the odds ratio is greatly underestimated. Again this is due to 

the fact that a logistic analysis does not account for uninformed 

censoring. Since all censored cases are considered controls in the 

logistic analysis, the logistic effect is underestimated. This 

underestimation is somewhat less if the analyzed genetic variant 

exhibits both a logistic and a survival effect. 
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A similar picture emerges if we introduce background heritability (50%) 

into the model (Figure 3b). The main difference is that the odds ratio 

used to simulate the data is larger. This is because in both models the 

explained variance of the logistic effect is set to 1%. Therefore, 

increasing the background heritability results in an increase of the 

simulated odds ratio.  

Next we compare the median hazard ratio estimates of the Cox PH 

analysis for simulated data including only a survival effect with 

estimates for simulated data including a survival effect and a logistic 

effect. The results in the absence of background heritability are shown in 

Figure 3c. If only survival effects are present, the median estimated 

hazard ratio decreases with cure fraction. If the cure fraction is 0, the 

assumptions of the Cox PH analysis are met and the estimate of the 

hazard ratio is unbiased. However, as the cure fraction increases the 

assumption of uninformed censoring no longer holds, since clearly 

unaffected subjects will be more likely to be never affected by disease 

than affected subjects, resulting in increased bias. On the other hand, if 

both logistic and survival effects are present, the estimated hazard ratio 

increases with cure fraction. The sensitivity to detect the logistic effect 

not only offsets the underestimation, but even results in overestimation 

if the cure fraction is larger than 0. 

The same qualitative pattern is observed for data with genetic 

background risk (Figure 3d). However, due to an overall decrease of the 

estimated hazard ratio and an increase of the simulated hazard ratio, all 

analyses result in underestimation.  

  



 

136 

Figure 2. Power as function of cure fraction for logistic and Cox PH analysis. 
Panel a and b: Logistic SNP heritability 1%. Panel c and d: Survival SNP 
heritability 1%. e and f) Logistic and survival SNP heritability 1%. Left: 
simulation data without background heritability. Right: simulation data with 50% 
background heritability for both logistic and survival effect. Horizontal line 
represents type-1 error rate (0.1). 
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Figure 3. Median effect size estimate of 10,000 simulations as a function of cure 
fraction for logistic (panel a and b) and Cox PH analysis (panel c and d). Left 
plot: simulation data without background heritability. Right plot: simulation data 
with 50% background heritability for both logistic and survival effect. The 
horizontal line represents the simulated effect size. 

Cure analysis of cure data 

The bias in traditional analyses of cure survival data is caused by model 

misspecification. Alternatively, we could apply a cure survival analysis. 

Contrary to the traditional logistic and Cox PH analysis, the cure PH 

analysis simultaneously estimates both the odds ratio and the hazard 

ratio. In the following section we report the type-1 error, power, and 

bias in parameter estimation of a cure survival analysis compared to the 

traditional analyses. 

Type 1 error  

As in the traditional analyses, the type-1 error rate for the estimated 

odds ratio and hazard ratio of the cure PH model is controlled at the 

specified significance threshold (alpha=0.1) for all cure fraction in 

models without background heritability (Figure 4a). In fact the type-1 

error rate for the estimated cure OR and cure HR is lower than that of 

the traditional estimates at cure fractions near 0 and 1. The type-1 error 



 

138 

rate is closer to alpha for modes in which background heritability is 

present for both the logistic and the survival effect (h2=50%) (Figure 

4b). 

Figure 4. Type-1 error rate (alpha=0.1) as a function of cure fraction for the cure 
model OR and HR coefficients compared to traditional logistic and Cox PH 
analysis coefficients. The SNP heritability of logistic and survival effect is 0%. 
Panel a: Simulation data without background heritability. Panel b: Simulation 
data with 50% background heritability for both logistic and survival effects. 

Power 

Figure 5a shows the power for all four estimates (i.e., logistic OR, Cox 

PH HR, cure OR, and cure HR) as a function of cure fraction in a model 
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with both logistic and survival effects. The power curves for the cure 

model have a shape similar to the power curves of their respective 

traditional analyses. However, the power of the cure analysis is lower. 

The traditional analyses are sensitive to both types of effects, which 

results in increased power. In contrast, the two estimates of the cure PH 

model are only sensitive either to the odds ratio or to the hazard ratio. 

In other words, the power curves of the cure PH analysis provide a more 

accurate picture of the power to detect the type of effect corresponding 

to the type of effect size (i.e., OR or HR). 

While there is no model misspecification for models with no background 

heritability, misspecification is a problem for models with genetic 

background heritability. Figure 5b shows that the power to detect a 

survival effect decreases considerably in models with 50% background 

heritability compared to models without genetic background risk. This 

drop in power is larger for the cure PH analysis than for the traditional 

Cox PH analysis. On the other hand, the power to detect a logistic effect 

with a cure PH analysis increases if genetic heritability is introduced 

compared to a model without genetic background risk.   

Bias 

Finally, we compare the bias of traditional estimates and the cure PH 

estimates of the odds ratio and hazard ratio respectively. Figure 6a 

shows that the estimated odds ratio of the cure PH analysis is unbiased 

for a large range of cure fractions, while the estimate of the logistic 

analysis is severely underestimated as we have seen before. However, 

when we introduce genetic background risk the odds ratio of the cure PH 

analysis is underestimated as well, although not as much as the 

estimate of the logistic regression (Figure 6b). 
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The estimate of the hazard ratio of the cure PH analysis is also relatively 

unbiased across cure fractions compared to the estimate of the Cox PH 

analysis if no genetic background risk is assumed. (Figure 6c). However, 

in the model with 50% background heritability, both Cox PH analysis 

and cure PH analysis results in underestimated hazard ratio for varying 

cure fractions. 

Figure 5. Power as function of cure fraction for cure model OR and HR 
coefficients compared to traditional logistic and Cox PH analysis. Logistic and 
survival SNP heritability 1%. Panel a: Simulation data without background 
heritability. Panel b: Simulation data with 50% background heritability for both 
logistic and survival effect. Horizontal line represents alpha level (0.1). 
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Figure 6. Median effect size estimate of 10,000 simulation of cure survival model 
and traditional model as a function of cure fraction for odds ratio (OR) (panel a 
and b) and hazard ratio (HR) (panel c and d). Left panels: simulation data 
without background heritability. Right panels: simulation data with 50% 
background heritability for both logistic and survival effect. Horizontal line 
represents the simulated effect size. 
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Analysis runtime 

The fitting procedure for the cure PH model is computationally intensive. 

The median time over 10,000 simulations for fitting a cure PH model 

increased from 26 seconds to 40 seconds as the cure fraction varied 

from 0.9 to 0.1 (data not shown). As the cure fraction approaches 0, 

convergence of the fitting procedure gets more difficult, since the odds 

ratio is not identified if the cure fraction is zero. 

Discussion 

In this simulation study, we have compared different analysis methods 

to identify genetic effects in genome-wide survival data. Our first aim 

was to investigate the influence of a cure fraction on parameter 

estimation in traditional logistic analysis and survival analysis. Although 

logistic regression is typically used to detect genetic variants that affect 

disease risk, and Cox PH regression is used to detect variants that affect 

time to disease onset, our simulation results show that, in the presence 

of a cure fraction, both types of analysis can be sensitive to either type 

of effect. When performing a genome-wide Cox PH analysis to identify 

genetic variants that affect time to disease onset, the estimated hazard 

ratios may be inflated if the genetic variants also affect disease risk. 

Moreover, performing a logistic analysis to estimate the genetic effect 

on disease risk is even more problematic, since logistic analysis does not 

take into account the censoring typically observed in survival data. Our 

results indicate that in this context the power of logistic analysis to 

detect a logistic effect is even lower than that of Cox PH analysis. In 

summary, when a cure fraction is present both logistic regression and 

Cox PH regression result in biased estimates of genetic effect sizes. 
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Our second aim was to investigate whether the cure model offers 

advantages over traditional survival analysis. We have applied a 

relatively unknown model that allows for the estimation of both logistic 

and survival effects: the cure survival model. Cure survival analysis 

leads to unbiased estimates in the absence of background genetic risk. 

It is not surprising that survival data simulated with a cure survival 

model is best analyzed with a cure survival analysis, as our results 

imply. So why not always use a cure survival analysis if we suspect a 

cure fraction? Unfortunately, the cure survival mixture model is 

computationally too demanding to apply at a genome-wide scale. A 

running time of 25 seconds per SNP for analyzing 5 million SNPs would 

amount to 1446 computing days on a single core for only 500 subjects. 

This is prohibitively long for most GWA studies. Furthermore, the logistic 

effect of the cure model is unidentified if the cure fraction is zero or one 

and therefore if the cure fraction is close to either boundary the running 

time increases further or even worse, the algorithm does not converge. 

On the other hand, the above running times do allow a post-hoc analysis 

of a limited number of potentially interesting findings. 

Although cure survival analysis removes bias in parameter estimation 

due to cure fractions, it does not remove bias due to genetic background 

risk. This latter bias also occurs in traditional case-control GWA 

studies201, 232. Since large amounts of background heritability is typical in 

complex diseases231, cure analysis will result in biased estimates of both 

the logistic and the survival effect. Our results suggest that a cure 

survival analysis will underestimate both effects and that this 

underestimation is relatively independent from the cure fraction. 

Although the odds ratio of a cure survival analysis is less biased than 

that of a traditional logistic regression, its hazard ratio is more biased 

than that of a Cox PH regression. 
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In many genome-wide survival studies of mental or physical disorders, 

we do not expect that all subjects will eventually develop the disease of 

interest. Based on our results, we therefore provide three 

recommendations for genetic analysis of diseases or other phenotypes 

that will not affect the entire population. 

Our first recommendation is to follow-up significant hits resulting from a 

Cox PH analysis with a cure PH analysis. Cure survival analysis allows 

separation of genetic variants which primarily influence the time of 

disease onset from those variants that primarily influence disease risk. 

Distinguishing these two types of genetic variants may provide valuable 

insight into the biological processes behind a disease. However, as our 

results suggest, cure survival analysis should be only considered if the 

cure fraction in the sample is sufficiently large (e.g. >0.1), but not too 

large (e.g. <0.9). This means for a population cohort that the disease of 

interest should have a lifetime prevalence between 10% and 90%. Since 

most diseases prevalences are < 10%, sampling from a high-risk 

population could be considered to decrease the cure fraction in the 

sample. 

We also recommend that if distinguishing the type of genetic effect 

(logistic vs survival) is not a primary concern, a genome-wide Cox PH 

analysis should be used to maximize the power to detect either type of 

genetic effect. Our results show that the power of a Cox PH analysis to 

detect either type of genetic effect is larger than that of the cure 

survival analysis. 

Our third recommendation is that power analyses of genome-wide 

survival studies should account for cure fraction, logistic and survival 

effect sizes, and background heritability. Ignoring these factors will 
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greatly influence the estimated power. A reasonable assumption for the 

cure fraction is 1-lifetime prevalence. Effect sizes are difficult to predict 

in advance and ideally power is calculated for a range of potential effect 

sizes for both the logistic and the survival effect. Finally, for complex 

diseases it is safe to assume that the background heritability will be 

close to the disease heritability. Although general power calculators for 

survival analysis exist, such as the genetic power calculator for case-

control and quantitative trait GWA studies89, we are not aware of 

programs or web tools that are tailored towards genome-wide survival 

studies. However, power analysis through a simplified simulation of GWA 

data is a viable alternative as exemplified by this simulation study. 

The results of this simulation study should be interpreted in the context 

of two limitations. First, it was not computationally feasible to vary all 

relevant model parameters. For example, we used a small sample of 

500 subjects in all our simulations and investigated only a limited 

number of combinations of effect sizes. Second, data were simulated 

according to a single distribution: the Weibull distribution. In reality, 

survival data may be distributed differently. The implications and 

recommendations of this study are therefore more qualitative than 

quantitative in nature. 

The primary focus of this study was to investigate the impact of cure 

fractions and genetic background risk on bias in genome-wide survival 

analysis. However, other factors may introduce bias in a genome-wide 

survival analysis. For example, the assumption of uninformed censoring 

may not hold, resulting in underestimated or overestimated hazard 

ratios depending on the type of informed censoring. Similarly, a GWA 

sample may include multiple family members of a family. In that case 

sandwich estimation can be used to account for the correlations caused 
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by family relations within a sample234, 235. This type of estimation 

increases the standard error of the estimate to correct for dependence 

due to familial relatedness. Studying the implication of different types of 

censoring and the presence of familial relatedness on bias and power 

was beyond the scope of this study, but warrant further research. 

In conclusion, cure fractions introduce the possibility of investigating the 

impact of both logistic and survival effects of a single genetic variant. 

Cure survival analysis takes this complexity into account. Although the 

application of cure survival analysis is not feasible at a genome-wide 

scale, we have shown that follow-up of a specific subset of SNPs may 

provide information about logistic and survival effects in a relatively 

unbiased way. Distinguishing genetic variants affecting disease onset 

and those affecting disease risk is an important step in understanding 

the nature of genetic effects in (neuro)psychiatric disorders. 
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Chapter 8 

Assumptions and Properties of 

Limiting Pathway Models for Analysis 

of Epistasis in Complex Traits 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter has been published as: Sven Stringer, Eske M. Derks, René S. Kahn, William 

G. Hill, Naomi R. Wray (2013). Assumptions and properties of limiting pathway models for 

analysis of epistasis in complex traits. PloS one, 8(7), e68913. 
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Abstract 

For most complex traits, results from genome-wide association studies 

show that the proportion of the phenotypic variance attributable to the 

additive effects of individual SNPs, i.e. the heritability explained by the 

SNPs, is substantially less than the estimate of heritability obtained by 

standard methods using correlations between relatives. This difference 

has been called the ‘missing heritability’. One explanation is that 

heritability estimates from family (including twin) studies are biased 

upwards. Zuk et al. revisited overestimation of narrow sense heritability 

from twin studies as a result of confounding with non-additive genetic 

variance. They propose a limiting pathway (LP) model that generates 

significant epistatic variation and its simple parametrization provides a 

convenient way to explore implications of epistasis. They conclude that 

over-estimation of narrow sense heritability from family data (‘phantom 

heritability’) may explain an important proportion of missing heritability. 

We show that for highly heritable quantitative traits large phantom 

heritability estimates from twin studies are possible only if a large 

contribution of common environment is assumed. The LP model is 

underpinned by strong assumptions that are unlikely to hold, including 

that all contributing pathways have the same mean and variance and 

are uncorrelated. Here, we relax the assumptions that underlie the LP 

model to be more biologically plausible. Together with theoretical, 

empirical, and pragmatic arguments we conclude that in outbred 

populations the contribution of additive genetic variance is likely to be 

much more important than the contribution of non-additive variance. 
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Introduction 

A finding from genome-wide association studies for most complex traits 

is that the proportion of the phenotypic variance attributable to the 

additive effects of individual SNPs, i.e. the heritability explained by the 

SNPs, is substantially less than the estimate of heritability obtained from 

correlations of relatives using family data. Many explanations for this so-

called ‘missing heritability’ have been proposed44, 46, 48, 50, 236. One 

explanation is that heritabilities from family (including twin) studies are 

overestimated. The problem of bias in heritability estimates has been 

much discussed in the quantitative genetic literature (e.g., 237-240). For 

example, in the classical twin design of monozygotic (MZ) and dizygotic 

(DZ) twin pairs, there are only three essential statistics that can be 

estimated from their phenotypes, namely the MZ resemblance (such as 

covariance or correlation), the DZ resemblance, and the overall 

phenotypic variation in the sample. Therefore, only three variance 

components can be estimated, although many more genetic and non-

genetic causal components of variance can be postulated to influence 

MZ and DZ resemblance. It is well recognized that estimates of 

heritability may be biased and that it is difficult to separate additive 

genetic from non-additive genetic components and to separate genetic 

from common (or shared) family environment components (e.g., 237-240). 

Estimates of heritability using phenotypic data from very distantly 

related individuals may have trivial bias from epistatic or common 

environment components compared to additive genetic components but 

are subject to very large sampling error. Human studies of distantly 

related individuals of sufficient size are simply not achievable. For 

disease traits, ascertainment bias in sampling of families for estimation 

of recurrence risks has long been recognized as a possible cause of 

inflated estimates of heritability207, 241. Lastly, estimates of heritability 
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for disease traits from twin cohorts (collected in restricted clinical 

settings) may be higher than those estimated from national cohort data, 

these differences most likely reflecting environmental factors including 

clinical practice242. 

Recently, Zuk et al.8 revisited the overestimation of narrow sense 

(additive) heritability from family studies that could result from 

confounding with non-additive genetic variance. They referred to the 

difference between the expected value of the heritability estimated from 

family data and the ‘true’ heritability as ‘phantom heritability’. To 

illustrate their arguments, they proposed a limiting pathway (LP) model 

in which there are k  pathway phenotypes, which are unobserved 

intermediate phenotypes. The phenotypically expressed trait value of an 

individual is the maximum of the individual pathway values. This model, 

they suggest, may be representative of biological processes that depend 

on the rate-limiting value among multiple inputs, ‘such as the levels of 

components of a molecular complex required in stoichiometric ratios, 

reactants required in a biochemical pathway, or proteins required for 

transcription of a gene’. Under their LP model, each pathway phenotype 

includes only additive genetic effects but, for >1k , non-additive 

genetic variance is generated for the expressed phenotype, and so the 

heritability of this phenotype is less than the expected estimate from a 

classical twin design analysis. As the magnitude of epistasis depends on 

k , the LP model provides a convenient way to explore the possible 

contribution of non-additive variation to missing heritability. They use 

this model to illustrate that over-estimation of heritability from pedigree 

data may explain an important proportion of missing heritability, but 

that quantifying this from available data is difficult. They advocate the 

continuation of association studies but argue that results should be 

reported acknowledging that heritabilities quoted from family studies 
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may be overestimated. Nonetheless, their results may impact on the 

design of experiments seeking to identify disease or trait associated 

variants. It is therefore important to gauge carefully the likely relevance 

of their results. 

Zuk et al.8 consider their model to be simple and biologically natural. 

Their model is indeed simple and it usefully explores an epistatic model 

without needing to define genotypic effects at individual loci, because an 

infinitesimal model is assumed for each pathway. The pathways are 

assumed to be genetically independent and to have equal heritability, 

mean and variance. These are strong assumptions which may not be 

biologically plausible. For example, in human cells protein concentrations 

can be correlated and have different variances243. As complex traits are 

affected by many genes, individual genes will typically affect many 

complex traits244, 245. Similarly, a single gene could affect multiple 

pathways, thereby creating a dependency between the affected 

pathways. 

The purpose of this paper is twofold. First, we show that under the basic 

LP model, highly heritable quantitative traits produce phantom 

heritability only if the contribution of common variance is relatively 

large. Second, we explore the impact of the assumptions underlying the 

basic LP model. We extend the basic LP model to determine if their 

conclusions also hold after relaxing some assumptions to obtain a more 

biologically plausible model. Finally, we interpret the LP model in the 

context of other published studies. 
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Methods 

Notation 

Where convention allows, we use Greek symbols for population 

parameters and Roman for their estimates. In other cases we use a hat 

(ˆ) notation to distinguish estimates from population parameters. 

Moreover, we use 2h  to represent the parameter of narrow sense 

heritability and 2
poph  to represent the expected value of the heritability 

estimated from phenotypic data collected in the population. Here we 

consider estimation of 2
poph  from twin data under the ACE (additive 

genetic, common environment, unique environment) model, which we 

denote with 2
( )pop ACEh . Similarly, we use 2c  and 2

( )pop ACEc  for the 

parameter and the expected value of its estimate of the proportion of 

variance attributable to the common environment under the ACE model. 

The classical twin model  

Like Zuk et al.8, we explore the LP genetic architecture through the 

variance components of the classical twin model. Under this model, only 

three independent parameters can be estimated from sets of MZ and DZ 

twins. One set of parameters is the phenotypic variance 
2
P , the MZ 

correlation M Z  and DZ correlation DZ . For MZ twins 

2 2 2= ( ) /M Z G C P  with 
2
G  representing the total genetic variance and 

2
C  the variance attributable to the common environment. The genetic 

variance can be broken down into additive 
2
A  and non-additive 

components 2 2 2 2= ...N A D AA AD , the sum of all epistatic genetic 
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variance components, with dominance represented by the subscript D. 

For DZ twins the phenotypic correlation is 

2 2 2 2 2 21 1 1 1= ( ... ) /
2 4 4 8DZ A D AA AD C P . As 

2
C  is assumed to 

be equal in MZ and DZ twins  

2 2 2 2 23 3 72( ) = ( ..) /
2 2 4M Z DZ A D AA AD P  and 

2 2 2 2 21 1 32 = ( ..) /
2 2 4DZ M Z C D AA AD P . Usually heritability under 

the ACE model is estimated as 2
( )

ˆ = 2( )pop ACE M Z DZh r r  and the 

proportion of variance attributable to common environmental effects as 
2ˆ = 2ACE DZ M Zc r r . 

As well recognized238-240, 2
( )pop ACEh  is an upwardly biased estimate of the 

narrow sense heritability 
2 2 2= /A Ph . Likewise, when non-additive 

genetic variance is present 2
( )pop ACEc  is a downwardly biased estimate of 

2 2 2= /C Pc , but if 2 >DZ M Zr r  we can conclude that common 

environment plays a role 
2ˆ( > 0)c . Also recognized in the quantitative 

genetics literature237, 238, 240, and concluded by Zuk et al.8, it is 

impossible to disentangle the contribution of epistasis and common 

variance based only on twin data. However, there are bounds on some 

parameters (and hence their estimates). From the equations provided 

above and by americanrecognizing that variance components are non-

negative, that variance components sum to 
2
P , and that MZ and DZ 

correlations are bounded between 0 and 1, some bounds are 
2 2 2 2 2 2/ 2 ( 2 / ) /N A P M Z DZ C P N A P , and 2 22 /DZ M Z C P
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. In the absence of dominance and epistasis the lower bound of DZ  is 

2 21 1= /
2 2DZ M Z C P . We use these bounds to show in circumstances in 

which a large contribution from variance from epistasis is possible only if 

there is a large contribution to the variance from common environment. 

Whether this is plausible is trait dependent. 

The basic LP model 

In the basic LP model for continuous traits8, the final observed 

phenotype P  is defined as the maximum (or equivalently the minimum) 

of k  independent intermediate pathway phenotypes, 

1= ( ,..., )max kP max P P . The intermediate phenotypes iP  are completely 

additive, but the final phenotype maxP  is not if >1k . Zuk et al.8  

assumed an infinitesimal model for each pathway, so the basic LP model 

has three parameters: the number of (additive) genetic pathways k , the 

heritability of each pathway 2
pathh  assumed to be constant across 

pathways, and the proportion of environmental variance 2

pathpath
 which is 

common among full siblings (including MZ and DZ twins) 

2 2= /path Cpath path
c

path  ( sibc  in 8). For computational convenience the 

parameter pathc  in the LP model is a proportion of the environmental 

variance to ensure a range between 0 and 1 independent of the value of 
2
pathh . This should not be confused with the previously defined common 

variance 2c  which is proportional to the phenotypic variance. 
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When >1k , the heritability 2h  of the expressed phenotype differs from 

the pathway heritability 2
pathh , likewise the proportion of environmental 

variance which is due to common environment in the pathway ( )pathc  is 

not necessarily equivalent to the analogous quantity at the final 

phenotype level ( )c . The basic LP model generates no dominance 

variance, but generates additive x additive variance between loci from 

different pathways. 

The extended LP model 

In the basic LP model there are four important assumptions. All pathway 

phenotypes (i) have the same mean, (ii) the same variance (specifically 

(0,1)N ), (iii) the same heritability, and (iv) are independent at the 

pathway level. As these assumptions are unlikely to be upheld in 

biological systems, we extend the basic LP model by relaxing some of 

them. In this extended LP model the means, variances and heritabilities 

may differ, and are defined by, respectively, 1= ( ,..., )path k , 

2 2 2

1
= ( ,..., )path P Pk

 and 2 2 2
1= ( ,..., )path kh h h . A general correlation matrix 

could be defined for the genetic relationship between pathways, but for 

simplicity we assume a uniform genetic correlation between all 

pathways, path  when pathways are all positively correlated. Strong 

negative correlations between all pathways are not possible in general, 

so we consider the impact of negative correlations between pathways by 

dividing the pathways into two equally divided sets which are positively 

correlated by  within a set but negatively correlated by path  between 

the sets. 
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The phenotype of pathway i  ( iP ) can be partitioned into additive 

genetic ( iA ) and environmental ( iE ) effects, =i i iP A E . No 

contribution of common environment is assumed between parents of the 

same child. The additive genetic variance in pathway i  is 2 2 2=A P ii i
h , 

and 2 2 2= (1 )P ii i
h=

i P= . Illustrating for = 2k , the additive effects for both 

mothers and fathers are distributed as 

 

The (unique) environmental (stochastic) effects for parents are assumed 

to be independent for each pathway and are distributed as 

 

As random mating is assumed, for offspring within a nuclear family the 

phenotype of pathway i  for sibling j  can be partitioned as  

 

 since the additive genetic pathway values of an offspring are distributed 

with bivariate Mendelian sampling variance about the mean additive 

genetic values of their parents. iC  is the environmental effect of 
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pathway i  common to all siblings in a family, 2(0, )i Ci
C 2 )2

CiC
2(0 2
C(0, , and 

( )iU j  is the environmental effect unique to sibling j , so for = 2k , 

 The proportion of environmental variance common for siblings at the 

pathway level is pathc  (assumed to be the same for each pathway, and 

therefore the proportion of variance explained by common environment 

is 2 2=C pathi i
c

i
 hence 2 2= (1 )U pathi i

c
i
. Therefore, the extended LP 

model is a six parameter model: 2 2( , , , , , )ext path path path path pathLP k h c . For 

example, the limiting pathway model 2( = 2, = 0.8, = 0.5)path pathLP k h c  

could be modeled with the extended LP model as 
2 2( = 2, = (0,0), = (1,1), = (0.8,0.8), = 0.5, = 0)ext path path path path pathLP k h c . 

Zuk et al.8 showed that the narrow-sense heritability of the observed 

phenotype in the population is 2 2 2
,1

= P P pathh k h , where ,1P P  is the 

correlation between the first pathway phenotype and the final 

phenotype. This definition assumes exchangeability and independence of 

the intermediate pathway phenotypes iP . Under the extended LP 

model, the pathway phenotypes are non-exchangeable and correlated. 

As the additive model assumes 
=1

= k
i ii

P A , we can estimate 
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the pathway coefficients ˆi  by regressing final phenotype P  on the 

pathway genetic values iA . The heritability estimate is a function of the 

regression coefficients, the additive values and the phenotype variance: 

2 2
=1

ˆ ˆ ˆ ˆ= ( ) /k
all i i Pi
h Var A . Unbiased estimates of 

2
allh  and 2

( )pop ACEh  are 

reported as the mean of 2
âllh  and 2

( )
ˆ
pop ACEh  across simulation replicates. 

As defined in Zuk et al.8, the phantom heritability is 
2 2 2

( )=1 /phantom all pop ACEh h h . 

Simulation 

For all simulations, we generated 50 independent samples of 100,000 

families. Each family comprised two parents, an offspring, its MZ twin 

and its DZ twin. The phenotype of a parent for pathway i  ( iP ) was 

simulated as =i i iP A E . With random mating of parents, the 

phenotype of an offspring j  for pathway i  was simulated as  

 ( ) = ( ) ( )o f f spring
i i i iP j A j C U j  

 with iA , iE , ( )o f f spring
iA j , iC , and ( )iU j  drawn from their respective 

multivariate distributions. For monozygotic twins ( )o f f spring
iA j  = 

( )o f f spring
iA j . In all simulations, unless stated otherwise, the following 

parameters were used: 
2 2( = 2, = (0,0), = (1,1), = (0.8,0.8), = 0.5, = 0)ext path path path path pathLP k h c . 

From the final phenotypes of the offspring, the twin correlations M Zr  
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and DZr  were calculated, resulting in a heritability based on the ACE 

model of 2
( )

ˆ = 2( )pop ACE M Z DZh r r  and phantom heritability 

2 2 2
( )

ˆ ˆ ˆ=1 /phantom pop ACEh h h . The reported 2h , 2c , M Z , DZ , and 2
phantomh  

are means across 50 simulation replicates and hence unbiased. 

We first performed simulations to study the implications of the basic LP 

model with respect to common environmental effects. To explore bounds 

on variance components we simulated a range of basic LP models 
2( [0.1,0.9], = [0.1,0.9], {1,4})i pathh c k , and calculated 2h  and 2c  for 

each model. From each simulation we estimated M Z  and DZ  and 

plotted 2h  and 2c  as a function of M Z  and DZ . 

Subsequently we performed five simulations to study the effect of 

differences in (i) pathway mean, (ii) variance, and (iii) heritability on 

phantom heritability, and (iv & v) the effect of correlations between 

pathways on phantom heritability in the extended LP model. Simulations 

(i) to (iii) comprise a series of two-pathway models in each of which one 

parameter was changed: (i) the difference in pathway mean ( 2 1 ). 

These values are in standard deviation units since 2 =1Pi
. (ii) The 

pathway variances differed, 2

1
=1P  and 2

2P
 was varied. (iii) The 

pathway heritabilities differed, 
2

1 = 0.8h  and 
2
2h  was varied. (iv) In this 

case a multiple pathway model was simulated with no common 

environment effects (i.e., = 0pathc ), in which both the pathway 

correlations path  and number of pathways k  were varied. (v) As (iv), 
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but with 10% of the variance of each pathway attributed to common 

environment (i.e., = 0.5pathc  when 2 = 0.8pathh ). 

Finally, to illustrate the extended LP model, we chose three continuous 

traits with different ACE-based heritability estimates from studies found 

in a recent twin research review paper246: (i) height in Danish male 

twins 2
( )

ˆ( = 0.89, = 0.47, = 0.84)M Z DZ pop ACEr r h 247, (ii) triglyceride levels in 

blood in Swedish female twins from 20-29 years old 
2( = 0.89, = 0.47, = 0.84)M Z DZ ACEr r h 248, and (iii) high-fat dairy intake in UK 

male and female twins adjusted for age 

2
( )

ˆ( = 0.23, = 0.13, = 0.20)M Z DZ pop ACEr r h 249. Based on these observed 

values and for different combinations of {2,4,10}k  and {0,0.2}path

, we report the estimates 2ˆ
phantomh , 2

âllh , and t 2ĉ . As M Zr  and DZr  are 

not model parameters but model outputs, the input parameters 2
pathh  and 

pathc  were chosen such that estimated M Zr  and DZr , based on the 

median of 50 simulations, reflected the observed values. 

Results 

Exploring bounds of variance components  

Although it is impossible to disentangle the contribution of non-additive 

genetic variance and common variance from twin data, there are some 

bounds on these parameters as illustrated in Figure 1, generated under 

the basic LP model, which is shown to yield more extreme non-additive 
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genetic variance than many extended LP models. Each point in Figure 1 

represents 
2
allh  or 2c  as a function of M Z , DZ  and k . 

In comparisons of the left ( =1)k  with the right panels ( = 4)k , each 

combination of M Z  and DZ  values is consistent with multiple basic LP 

models. In other words, the number of pathways cannot be derived from 

a pair of M Z  and DZ  values alone. As expected, for any M Z  and DZ  

combination, the non-additive variance increases with the number of 

pathways, resulting in a lower narrow-sense heritability (
2
allh ) estimate 

for an epistatic model ( = 4)k  compared to the additive model ( =1)k  

(panels A vs B). However, the contribution of environmental variance 

which is common for siblings ( )c  increases as well (panels C vs D). 

Therefore, as 2 DZ M Z  increases for complex traits, important 

contributions from non-additive variance can be achieved only if 

accompanied by high 2c . For example, if = 0.8M Z  and = 0.4DZ , an 

additive model 
2( =1; = 0.8)k h  implies no contribution of common 

variance 
2( = 0)c , whereas an highly epistatic model (e.g., 

2= 4; [0.2 0.4]k h ) is consistent only with 2 > 0.2c . More generally,  
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Figure 1. Mean narrow-sense heritability (h2=σA
2/ σP

2) (panels A and B) and 
proportion of phenotypic variance which is common for siblings (c2=σC

2/ σP
2) 

(panels C and D) across 50 simulation replicates color coded as function of 
MZ/DZ correlation and number of pathways (k) under the basic LP model. Given 
a combination of MZ/DZ correlations, a decrease in narrow-sense heritability 
(i.e., as k grows), implies an increase in contribution of common environment. 
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for highly heritable traits 
2( > 0.6; =1)h k  a large amount of epistasis 

2( < 0.4; = 4)h k  is consistent only with 2 > 0.2c . However, if >
2
M Z

DZ  

then substantial phantom heritability need not be accompanied by large 
2c . 

Properties of the extended LP model 

Simulation results of the extended LP model are reported in Figure 2 for 

the effect of different parameters on the phantom heritability: (i) As the 

offset in mean between the two pathways increases, the phantom 

heritability decreases (panel A). One standard deviation difference in 

mean between pathway phenotypes (if = 2)k  approximately halves the 

phantom heritability. Clearly, as differences in offset become large, 

some pathways contribute little to the final phenotype, effectively 

decreasing the number of contributing pathways and hence the amount 

of epistasis. (ii) Differences in phenotypic variance between two 

pathways had no effect on phantom heritability (result not shown), 

because large phenotypic variance not only increases the probability of 

producing a maximum value, but also increases the probability of 

producing a minimum value. Across individuals both pathways 

contribute equally to the observed phenotype, but the mean and 

variance of the observed phenotype increases. Although the correlation 

between the final phenotype and the pathway phenotypes is higher for 

the pathway with the higher variance, the variance of the observed 

phenotype increases proportionally with the ratio of the two pathway 

variances, resulting in a constant heritability. (iii) As panel B shows, 

differences in heritability between pathway phenotypes have only a 

marginal effect on phantom heritability. (iv and v) Correlations between 

pathways affect the phantom heritability significantly (panels C and D). 
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Positive correlations between pathways effectively limit the amount of 

epistasis, resulting in less phantom heritability. The larger the number of 

pathways, the larger the phantom heritability reduction (for any given 

pathway correlation). As the correlation between pathways approaches 

1, the model approaches an additive single pathway model. This holds 

irrespective of the amount of common variance assumed, although 

common variance increases the phantom heritability slightly (panels D 

vs C). These results show that relaxing the assumptions of equal mean 

and uncorrelated pathways can substantially reduce the amount of 

phantom heritability. In contrast, negative correlations increase the 

amount of epistasis even if only one out of the k  pathways is negatively 

correlated to the remaining positively correlated pathways, although the 

relative impact decreases as k  increases (panels C and D). 

Illustration for three traits 

Table 1 shows the implications of the (extended) LP model for three 

continuous traits with increasing estimated heritability: high-fat dairy 

intake 2
( )( = 0.20)pop ACEh , triglyceride levels in blood 2

( )( = 0.54)pop ACEh , 

and height 2
( )( = 0.84)pop ACEh . The table illustrates two important points. 

First, assuming a larger amount of epistasis (i.e., larger k ), not only 

implies increased phantom heritability and decreased narrow-sense 

heritability, but also implies a larger contribution of common variance. 

Second, assuming positive dependence between pathways ( > 0)path  

reduces the amount of epistasis. In other words, increasing the number 

of pathways has less effect on phantom heritability, narrow-sense 

heritability, and the contribution of common variance, compared to a 

model with = 0path . Especially for traits with a large estimated ACE 
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heritability, a high phantom heritability 2ˆ( > 0.61)phantomh  is only 

compatible with a scenario in which the percentage of common variance 

is high 
2ˆ( > 0.39).c  

Nonetheless, in some scenarios important phantom heritability is 

expected with negligible 2ĉ , for example when k=2, = 0path  we 

estimate 2
phantomh  to be 0.25 and 2ˆ = 0.07c . We note that we selected 

examples with 2 < 0M Z DZ  to illustrate potential implications of the 

LP model. Hill et al.51 reported an empirical distribution of 2M Z DZ  

distributed around zero, with interpretation that the distribution 

reflected sampling variance given the often small sample size. However, 

direct interpretation of the point estimates suggests that, since 

2 < 0M Z DZ  in ~50% of cases, in these cases substantial phantom 

heritability could be present in the context of zero or weak common 

environmental variance. 

Discussion  

Bounds of variance components in twin studies 

Using the basic LP model we explored constraints on combinations of 

parameters. For additive models (Figures 1A and 1C) all combinations of 

M Z  and DZ  lie in a region bounded by 1=
2DZ M Z  (if = 0c ) and 

M Z  = DZ  (if =1c ). For epistatic models (Figures 1B and 1D) the 

bounds are evident from the wedge shape of permissible combinations 
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of M Z  and DZ  in Figure 1. They show that when DZ  > 1
2 M Z , 

substantial non-additive genetic variance can be accompanied only by 

unreasonably high 
2 2/C E . This implies that, at least when DZ  > 

1
2 M Z  an underlying additive model is more plausible than a highly 

epistatic architecture. Specifically, as Table 1 illustrates, in highly 

heritable traits with a small contribution of common variance, phantom 

heritability is likely to be small. 

As noted by Zuk et al.8 in their supplementary information, the amount 

of phantom heritability estimated depends on the method of estimation 

of 2
poph . The expected heritability estimate from regression of offspring 

phenotype on mid-parental phenotype 2
( )( )pop P Oh  is less than 2

( )pop ACEh  

under the >1k  basic LP model. Other factors could also contribute to 

differences between 2
( )pop ACEh  and 2

( )pop P Oh  such as dominance and 

greater common environment of sibling compared to filial relations. 

Despite this, empirical observation (238 pp. 172-173) does not, in 

general, suggest large differences between 2
( )pop ACEh  and 2

( )pop P Oh , which 

is not consistent with an important role for phantom heritability 

(although sampling variation about estimates make it difficult to draw 

strong conclusions). Deconfounding of genetic and common 

environmental variance is possible, for the most part, by use of adopted 

away relatives. Very different estimates of correlations between adopted 

away siblings and those raised together is expected if phantom 

heritability is important, but adoption studies tend to support genetic 

estimates from twin studies250. 
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Figure 2. Phantom heritability under the extended LP model as a function of (A) 

differences in mean (sd unit) of two pathway phenotypes, ( 2 1 ) (B) changes 

in 2

2pathh  while 2

1
= 0.8pathh , (C) pathway correlations for different number of 

pathways, and (D) pathway correlations for different numbers of pathways 
assuming a total contribution of common environment of 10% for each pathway 
phenotype. Unless stated otherwise, number of pathways =2k , contribution of 

common family environment is zero (i.e., = 0pathc ), pathway heritability 

2 = 0.8pathh , pathway correlations = 0path . 
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Table 1. Phantom heritability 
2ˆ( )phantomh , narrow-sense heritability 

2ˆ( )h and 

percentage of common variance 
2ˆ( )c  for three traits assuming varying number 

of pathways ( )k  and pathway correlations ( )path .  

  TTrait     M Zr       DZr     
2
ACEh     k   

path   2ˆ
phantomh   

2ĥ     2ĉ   

HHigh--ffat dairy 

iintake  

 00.23   00.13   00.20   2   0   0.15   0.17   0.04  

       4   0   0.30   0.14   0.06 

        10   0   0.56   0.09   0.10 

        2   0.2   0.05   0.19   0.03 

        4   0.2   0.13   0.17   0.04 

        10   0.2   0.22   0.16   0.06 

TTriglyceride 

llevels in blood  

 00.55   00.28   00.54   2   0   0.25   0.41   0.07  

       4   0   0.49   0.28   0.16 

        10   0   0.74   0.14   0.29 

        2   0.2   0.16   0.45   0.05 

        4   0.2   0.28   0.39   0.09 

        10   0.2   0.38   0.33   0.15 

 HHeight   00.89   00.47   00.84   2   0   0.35   0.55   0.20  

        4   0   0.61   0.33   0.39 

        10   0   0.82   0.15   0.61 

        2   0.2   0.26   0.62   0.17 

        4   0.2   0.43   0.48   0.30 

        10   0.2   0.56   0.37   0.43 

Illustrated for observed values of the estimated heritability 
2
ACEh  and underlying M Zr  and 

DZr , assuming a larger number of pathways implies higher phantom heritability, lower 

narrow-sense heritability, but also a larger contribution of common variance. Higher 
pathway correlations reduce these effects.  
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The extended LP model 

Zuk et al. proposed a simple and elegant model that allows exploration 

of the impact of epistasis on estimates of heritability without needing to 

define epistasis between individual loci. In fact, the basic LP model is a 

special case of the optimum pathway model proposed by Sewall Wright 

in 1935 251, in which the expressed phenotype is the pathway value 

closest to a defined optimum, which could be, for example, the mean or 

median, rather than the maximum. These models include the additive 

model as a special case, but produce different amounts of epistasis as 

the number of pathways increases. Indeed any non-linear 

transformation of an additive genetic model, even the infinitesimal 

model, leads to non-additive variation; but Zuk et al.8 show that the 

basic LP model generates a phenotypic distribution close to normal, 

particularly when k is small. Under the basic LP model all pathway 

phenotypes have the same distribution and pathway heritabilities and 

pathways are uncorrelated. Biologically, these are very strong 

assumptions, not least since they invoke the infinitesimal model that 

implies independent contributions from many genomic sites in each 

pathway, and so we extended the basic LP model to allow correlated 

pathway phenotypes with different distributions and pathway 

heritabilities. Phantom heritability was little affected by differences in 

variance and heritability between pathways. However, differences in 

mean phenotype and the presence of positive correlations between 

pathways can decrease the phantom heritability considerably, and 

negative correlations increase it. Our results show how the predicted 

importance of phantom heritability depends on implicit model 

assumptions, such thatthe problem of phantom heritability could be 

overstated.Drawing inferences about epistasis from the LP model 
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There is much debate about the relative importance of non-additive 

versus additive genetic variance49, 51, 252-254, summarized by Crow255. 

Central to the debate is that mutational studies demonstrate the 

ubiquity of epistasis in the classical sense, because genes interact in 

hierarchical systems to generate biological function252. However, in 

quantitative genetics it is the residual variation segregating in 

populations that determines differences amongst individuals not overall 

biological function252. Fisher suggested that epistasis was not important 

because usually there would be some scale transformation of phenotypic 

values to generate additive effects252. Indeed, this is the basis of models 

of complex disease where non-additivity on the observed scale can be 

transformed to an underlying additive scale. Furthermore, under 

mutation drift (neutral) models a high proportion of genetic variants are 

at frequencies near 0 or 1, so the presence of substantial epistatic 

interactions at the level of gene effects does not in itself generate 

appreciable epistatic variance, and contributions from epistatic 

interactions are detected as additive variance51, 255. These arguments 

are further strengthened under models that consider selection against 

mutations deleterious for fitness with pleiotropic effects on quantitative 

traits256 as the proportion of variants with frequencies near 0 or 1 is 

even higher. Zuk et al.8 incorrectly state in their Supplementary 

Information that the derivation in Hill et al.257 applies only to pairs of 

loci, whereas in fact these wereused for illustration, and the argument 

holds for multilocus epistasis. The elegance of the LP model of Zuk et 

al.8 is that it is parametrized in terms of variances and so does not 

depend on the allele frequency distribution. Zuk et al.8 (supplement 

page 45) counter Hill et al's analysis by arguing that most genetic 

variants contributing to complex traits cannot be at extreme frequencies 

because these would generate little variance. They illustrate with a two-

locus example (their Supplementary Figure 9), but it shows a steep 
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increase in total genetic variance from minor allele frequency of 0 to 

0.1, nearing its maximum for minor allele frequency 0.1, where additive 

x additive variance accounts for only 8% of the genetic variance. 

Furthermore, because the distribution of heterozygosity is approximately 

uniform over 0 to 1 under the neutral mutation drift model, all 

frequencies are expected to contribute approximately equally to the 

variance under an additive model. Empirical results also suggest that 

epistasis can generates little epistatic variance. For example, although 

many substantial epistatic effects have been detected for bristle number 

in Drosophila258, bristle number expresses mostly additive variance in 

populations245. At face value these results may seem to be contradicted 

by recent results of the Drosophila Genetics Research Panel (DGRP) 

entitled “Epistasis dominates the genetic architecture of Drosophila 

quantitative traits”259. They reported data are from a GWAS undertaken 

on the 168 DGRP lines260 and on gene frequency differences between 

pools of lines scoring high and low for phenotypes following an advanced 

intercross (70 generations) from 40 of the DGRP lines259. They found no 

overlap of SNP associated effects between the two analyses, which they 

interpreted as presence of epistasis. However, the limited number of 

DGRP lines are underpowered for association analysis and show long 

range LD so effects of distantly located QTL are confounded and are less 

likely to match those found in the intercross study. Also, as the 

authors259 note: “In fact, variation induced by all of the epistatic 

interactions identified in the present study could be largely explained by 

the marginal additive effects at the trait-associated loci.” 

Limiting pathways in context 

The LP model was justified (Zuk et al.8, p1193) without reference as: 

“Here we show that simple and plausible models can give rise to 
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substantial phantom heritability. Biological processes often depend on 

the rate-limiting value among multiple inputs, such as the levels of 

components of a molecular complex required in stoichiometric ratios, 

reactants required in a biochemical pathway, or proteins required for 

transcription of a gene.” For biochemical pathways, at least, metabolic 

control theory has shown that ‘rate limiting steps’ are not a relevant 

concept, for rate of flux is a continuous function of activities at multiple 

stages of the pathway261. In a recent review Suarez and Moyes stated 

“The days have long passed when it was simply assumed that enzymes 

possessing allosteric regulatory properties were ‘rate-limiting’262. It is 

now recognized that control of pathway flux is often distributed among 

many enzymes.” And Fell's well-cited review263 concludes “whatever 

criticisms might be made about any one of the experimental studies, it 

is significant that none have provided support for the existence of 

unique ‘rate-limiting’ enzymes in pathways.” In quantitative genetic 

analysis of models of such pathways, it has been shown that a 

substantial proportion of the variance is additive264. 

The LP model was proposed to explain “missing heritability” in complex 

traits. Methods are now available to estimate variance attributable to all 

common genotyped SNPs rather than those identified as significant52, 54. 

Simulations conducted under the LP model demonstrate that estimates 

of additive variance attributable to SNPs calculated using GCTA53 are 

unbiased and not inflated by epistasis265. Applications of these methods 

to real data show that at least 40% of heritability estimated from family 

studies remains unexplained97. The number of associated common 

variants detected has increased with sample size97 e.g., from 9 to 140 

for Crohn's Disease as case sample size increased from 2000 181 to 

> 2000  266. The implication is that, to date, studies have been 

underpowered to detect common variants of realistic effect sizes, but 
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that many exist, given that rare variants are much more prevalent, and 

that a very large number of rare variants also contribute exist which 

individually explain little variance but their cumulative contribution may 

be important. Collection of empirical data to test an additive only model 

is unlikely to be achievable in humans. In yeast, an elegant study 

designed to explore contributions of variance from different sources 

found substantial epistatic variance (median of 30%) for some of the 46 

traits studied267. However, its relevance to human populations is limited, 

since all gene frequencies were one half (two-way cross design), 

conditions under which epistasis is likely to be maximized51, 255. More 

relevant insight may be gained from outbred species. For example, in 

dairy cattle heritability and SNP associated effects are estimated from 

large numbers of half-sib daughters born, raised and milked at different 

farms. Therefore, their estimates are unlikely to be confounded with 

non-additive genetic or shared environmental effects268. For milk yield 

79% (s.e. 5%) of the additive genetic variance is captured by SNPs269. 

That there is so little missing heritability can be explained by the smaller 

effective population size leading to longer linkage disequilibrium (LD) 

blocks than in humans and hence even rare alleles can be predicted by 

multiple SNPs. Traits that could reasonably be assumed to be under 

strong natural selection (so that very rare variants play an important 

role), such as fertility, have lower heritability (40%) and greater missing 

heritability (55% explained by common SNPs fitted together)269. The 

simplest explanation of why not all variance is explained by the SNPs is 

that even in livestock some causal variants are rare and in low LD with 

the SNPs. These results provide evidence that (when 2
poph  is estimated 

accurately) additive effects can explain the majority of observed 

variance in a complex trait in an outbred population. 
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Disease traits  

Zuk et al.8 expressed phantom heritability as 
2

2
2=1 all

phantom
pop

hh
h

. For 

quantitative traits 2 2=all Pmax
h h , where 2

Pmax
h is the proportion of variance in 

maxP  attributable to additive genetic factors. For disease traits they 

considered a liability threshold model, but did not assume disease to 

occur when the liability phenotype maxP  exceeds the threshold truncated 

by the proportion μ , but instead defined disease to occur when a 

pathway phenotype exceeds the threshold truncated by the proportion 

μ / k , generating a total proportion, μ , of affected individuals when 

summed over all k  pathways. This definition implies additional non-

additive genetic variance, i.e., 2 2<all Pmax
h h . For example, using the 3-

pathway model for Crohn's Disease8 with 2 = 0.476pathh  and = 0.16pathc  

generates 2 = 0.283Pmax
h , but 

2 = 0.186allh  for μ = 0.001 . Under the 

extended LP model we showed for quantitative traits that results for a 

multiple pathway model converged to a single pathway model for 

positively correlated pathways; qualitatively this result also holds for 

disease traits. 

The LP model was justified by Zuk et al. as limiting pathways in a 

biological and biochemical sense. However, the same methodological 

approach could represent a heterogeneity model, generating a different 

interpretation of results. Under the LP model the final phenotype is 

considered the “true” phenotype and the non-additive genetic variance 
2 2
pop allh h  is real. In contrast, under a heterogeneity model, the pathways 

are the true phenotypes but inadequacies in phenotyping cause an 
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inability to distinguish between biologically different classes of the 

observed disease. Hence, under a heterogeneity model, the measurable 

additive genetic variance 
2
allh  may be much less than true additive 

variance of each subtype, but mostly 2 2
pop allh h  could be viewed as 

“phantom non-additive genetic variance”, since the non-additive genetic 

variance results only from incorrectly treating multiple phenotypes as a 

single trait. In common complex genetic disease there have been 

notable advances in separation of diseases that originally were 

considered a single diagnostic class, e.g., diabetes, rheumatoid arthritis, 

breast cancer. Dilution of allelic effect size is a consequence of 

phenotypic heterogeneity in genetic association studies. For example, 

differentiation of breast cancer into ER-positive and ER-negative cancers 

has identified associated loci not possible from combining the case 

cohorts270. In psychiatric nosology it has long been recognized that 

diagnostic classes are likely to overarch heterogeneous etiology, 

recently explored in light of results from genomic studies271. Indeed, one 

motivation of genomic studies is to allow genetically informed nosology. 

Conclusion 

The results of Zuk et al.8 provide a timely reminder of the well-

recognized limitations of analyses based on twin and family data, which 

are often underpowered to separate additive genetic from common 

environmental effects272 and non-additive effects. The (extended) LP 

model provides a useful framework to explore the possible contribution 

of non-additive genetic variance to complex traits. An important role for 

non-additive genetic action is attractive because gene interactions are 

ubiquitous at the functional level, yet this does not necessarily translate 

to important epistatic variance over and above variance detected as 
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additive effects. For disease traits, empirical data can only be explained 

by non-additivity on the disease scale, but such non-additivity can be 

explained by scale transformations without needing to invoke more 

complex models. Using the framework of the extended LP model, and 

together with theoretical, empirical, and pragmatic arguments we 

conclude that although contributions from non-additive variance may be 

commonplace in complex traits, the contribution of additive genetic 

variance is likely to be much more important than that of non-additive 

variance. Ultimately, only empirical results can provide a satisfactory 

conclusion to the debate of missing heritability, but these may be 

elusive. Larger sample sizes should afford the power to identify common 

variants of smaller effect size and two-locus interactions. However, the 

heavy penalty of multiple testing will not allow exploration of higher 

order epistatic interactions implied by the LP model. Likewise, large 

sample sizes are unlikely to identify rare causal variants of small effect, 

since rare variants are likely to be population specific and large sample 

sizes from homogenous ethnic groups simply may not exist. Zuk et al.8 

suggest a methodology for estimation of 
2
allh , but the required cohorts 

(large and from isolated populations) are also difficult to achieve. For 

disease traits the most tractable approach may be collection of large, 

informatively phenotyped cohorts to provide the building blocks that 

may allow clustering of cases based of combinations of genetic risk 

variants to be mapped onto phenotypic heterogeneity. 
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Chapter 9 

Summary and general discussion 
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Summary 

As mentioned in Chapter 2, the genome-wide association (GWA) era has 

confirmed the heritability of many psychiatric disorders, most notably 

schizophrenia. More importantly, it has shown the incredible complexity 

of the relationship between genetics and psychiatric illness. Thousands 

of genetic variants with individually small effect sizes cumulatively 

constitute a large contribution to the heritability of psychiatric disorders. 

Sometimes the data-driven GWA approach is not feasible due to limited 

available sample sizes. In Chapter 3 candidate gene studies have been 

discussed as an alternative hypothesis-driven approach to genetic 

research. The required sample size in a candidate gene study is much 

smaller than that in a GWA study, because a less stringent multiple 

testing correction is required.  Nonetheless, power calculations suggest 

that a sample size of at least several hundreds of subjects should be 

aimed for in a candidate gene study due to the typically small effect 

sizes of individual genetic variants. Chapter 3 also discussed the use of 

two web tools to facilitate the selection of candidate genes in a 

candidate gene study. 

Chapter 4 illustrated that relatively large sample sizes do not guarantee 

significant genetic variants. A large meta-analysis of more than 24,000 

subjects failed to identify genetic variants that are significantly 

associated with life-time cannabis use, although a gene-based test 

revealed two significant genes that could not be replicated in a small 

replication sample. Nonetheless, enrichment of nominally significant 

genetic variants indicated that genetic factors do play a role in cannabis 

use and even larger sample sizes may be needed to identify significant 

genetic variants. Once a large GWA study has been published, its results 
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can become an important resource for future studies. For example, in 

polygenic risk analysis, even genetic variants that are not significant can 

be used to investigate genetic overlap between diseases. In Chapter 5 

the genetic overlap between schizophrenia and three immune disorders 

was investigated: type-1 diabetes, rheumatoid arthritis, and Crohn’s 

disease. Polygenic risk score analysis revealed that schizophrenia has a 

significant genetic overlap with these three immune disorders. 

Moreover, the genetic overlap between schizophrenia and these three 

disorders was significantly larger than the genetic overlap between 

schizophrenia and type-2 diabetes, a disorder not primarily 

characterized by immune dysfunction.  

Statistical models are always based on assumptions. When these 

assumptions are violated, the effect sizes that are reported may be 

biased. Typically, in genome-wide studies only one genetic variant is 

analyzed at a time, implicitly assuming that other genetic variants do 

not contribute to disease risk or time to disease onset. For complex 

disorders this assumption is clearly violated, since these disorders are 

by definition influenced by many genetic variants. Chapter 6 showed 

that for linear and log-linear models single SNP analysis is no problem. 

However, in case-control analyses violation of this assumption can result 

in underestimated effect sizes. Chapter 7 illustrated that a similar 

problem may arise when performing a Cox PH survival analysis in 

genome-wide survival study. 

In genetic survival analysis, another assumption is often violated. 

Typically not all subjects will experience the disorder of interest. This 

fact is ignored in a traditional survival analysis, such as a Cox PH 

regression and can result in biased estimates. As Chapter 7 showed, a 

cure survival analysis removes this bias as it explicitly models two 
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subgroups: subjects who will eventually develop the disease, and 

subjects who will not. 

Unlike the previous two types of model misspecification, some model 

misspecifications are difficult to test empirically. The debate about the 

importance of statistical epistasis is an example. As Chapter 8 

discussed, large amounts of epistasis can affect the heritability 

estimates of twin studies. Although it is not possible to empirically test 

the amount of epistasis due to the model complexity involved, 

simulation studies suggest that heritability estimates of twin studies are 

only biased if large effects of shared environment are assumed. 

General discussion 

Beyond missing heritability: recent progress in psychiatric 

genetics 

Six years ago the genetic research community started to debate the 

issue of missing heritability44, 46, 48, 222, 273. Why do the relatively few 

significant hits from GWA studies only account for a fraction of the 

heritability estimated by family studies? This issue was particularly 

important in the field of psychiatric genetics, since in the early days 

GWA studies of psychiatric disorders produced only few significant hits, 

if any6. In the last few years, however, enormous progress has been 

made to answer the question of missing heritability at least partly. Two 

important factors contributed to this progress: ever increasing sample 

sizes and new statistical tools. 

On one hand, GWA sample sizes have been steadily increasing in the 

last few years. In the field of psychiatric genetics, the Psychiatric 

Genomics Consortium (PGC) succeeded in collecting and rigorously 
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analyzing large samples of genetic data on several psychiatric 

phenotypes (Chapter 2). To date the PGC schizophrenia sample is the 

largest genotyped case-control sample ever collected in the field of 

psychiatric genetics. Recently, the Schizophrenia Working Group of the 

Psychiatric Genomics Consortium5 reported an analysis of the most 

current PGC collection of 55 different data sets including 36,989 

schizophrenia cases and 113,075 controls. Using this sample, they have 

identified 108 independent loci significantly associated with 

schizophrenia, of which 83 regions have never been identified before. Of 

these significant loci, 80% contained at least one gene, suggesting that 

genetic variants close to genes have a larger impact on schizophrenia 

than variants that are more distant. The Schizophrenia Working Group 

associated these loci with genes that had been implicated with 

schizophrenia before, such as the dopamine D2 receptor gene, several 

voltage-gated calcium channel subunits, glutamatergic signaling genes, 

and synaptic plasticity genes.  These results stand in sharp contrast to 

the lack of findings in GWA studies in the early days of GWA studies6. 

Although these recent results are only a first step in understanding the 

relationship between genetics and schizophrenia, it is clear that the call 

to continue funding and performing GWA studies with increasing sample 

sizes has started to pay off. 

On the other hand, statistical tools, such as genome-wide complex trait 

analysis (GCTA) and polygenic risk score analysis have made it possible 

to answer different types of questions6, 53, 54.  GCTA can estimate the 

proportion of phenotypic variance explained by all common SNPs across 

the genome, resulting in a lower bound estimate of the heritability53, 222. 

Contrary to traditional GWA analysis, all SNPs are analyzed in a single 

model. To make this possible, GCTA imposes an additional assumption 

on the distribution of the SNP effect sizes, assuming that they come 



 

182 

from a normal distribution centered around zero. Since we expect most 

effect sizes to be small, this is a realistic assumption. Although the 

heritability estimates produced by GCTA are typically smaller than 

traditional heritability estimates (e.g., 23% versus 81% for 

schizophrenia)4, 54, they are much higher than the fraction of heritability 

explained by the few significantly associated regions in the genome43.  

This clearly shows that common variants, even those that are not 

significant, contribute substantially to the heritability.  

While GCTA was primarily designed to estimate SNP-based heritability, 

polygenic risk score analysis is designed for risk prediction. Specifically, 

effect size estimates from a traditional GWA analysis, the discovery 

sample, are used to predict the risk of disease for individuals in an 

independent validation sample6. An individual risk score is simply a 

weighted sum of all independent genetic variants, using the effect size 

from the discovery sample as weights6. The risk score can then be used 

to predict disease risk in the validation sample. Typically, a pseudo-R2 

measure is used to quantify prediction quality. If the cases in both case-

control samples have the same disorder, polygenic risks score analysis 

can be used for traditional risk prediction. If, on the other hand, the 

disorders are different in both samples, polygenic risk score analysis can 

be used to estimate the genetic overlap between diseases as illustrated 

in Chapter 5. The principles of polygenic risk score analysis are both 

simple and effective. However, the quality of the risk score is 

determined by the reliability of the effect size estimates. Again very 

large sample sizes are required to produce risk scores that are reliable 

enough to predict disease risk. The emerging picture from studies using 

GCTA or polygenic risk score analysis is that many heritable complex 

disorders, such as schizophrenia, are influenced by thousands of genetic 

variants that individually only contribute little to the heritability. 
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The progress in psychiatric genetics has revealed another important 

aspect of psychiatric disorders: there is substantial genetic overlap 

between disorders. For example, brain-expressed genes and genes that 

are primarily expressed in tissues with an immunological function are 

enriched for variants that are associated with schizophrenia5. This 

suggests genetic overlap between schizophrenia and other brain 

disorders and even between schizophrenia and immune disorders. 

Indeed, statistical techniques such as polygenic risk score analysis and 

multivariate versions of GCTA have been used to show a shared genetic 

basis among psychiatric disorders2, 42 and, to a lesser extent, between 

schizophrenia and immune disorders (Chapter 5). 

It is now clear that common single nucleotide polymorphisms (SNPs), 

which were the focus of this thesis, make a sizeable contribution to the 

heritability of psychiatric disorders and the coheritability between 

psychiatric disorders. However, as will be discussed in the next 

paragraph, common SNPs are not the only type of genetic variants that 

have been associated with psychiatric disorder.  

Beyond common SNPs: a wide variety of data types 

When discussing missing heritability, common SNPs have often been 

pitted against rare variants. As Visscher et al.43 have successfully 

argued, this is a false dichotomy.  Genetic variants along the full 

spectrum of allele frequencies are likely to contribute to disease risk. 

This implies that large-scale family studies complement the traditional 

GWA case-control studies274. While the former are optimally powered to 

detect rare variants with relatively large effects, the latter have optimal 

power to identify common variants with relatively small effect sizes. 
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However, as mentioned in Chapter 3, SNPs, whether common or rare, 

are not the only type of genetic variants that affect disease risk. Copy 

number variations (CNVs), such as insertions and deletions, have been 

associated with psychiatric disorders as well4. Structural risk variants 

are typically rare and often cause severe equally rare genetic 

syndromes, such as Pitt–Hopkins-like syndrome 2, and DiGeorge 

syndrome. Although currently known CNVs associated with psychiatric 

disorders are rare and have large effect sizes, it is likely that more 

common but less severe structural variants exist as well. The arguments 

against the false dichotomy between common and rare variants hold for 

SNPs as well as CNVs. 

Technological advances have made it possible to not only genotype the 

whole genome and study genetic variants, but to measure and study all 

sorts of molecular processes and structures in the cell on a genome-

wide scale. For example, it is possible to study genome-wide gene 

expression in different types of tissues275. While the genetic code is the 

same in all cells and remains relatively fixed across the lifespan, gene 

expression is different across cell types and changes continuously. The 

dynamic nature of gene expression data poses both challenges and 

opportunities compared with static nature of genotype data. Most 

importantly, for psychiatric disorders, the tissue of interest resides in 

the brain. Unlike blood cells, brain cells can only be collected post-

mortem. This obvious limitation has prevented the collection of brain 

expression data in large case-control samples analogous to that 

collected by PGC. Fortunately, many genome-wide gene expression 

studies that have been performed are publicly available and their results 

can be combined and reanalyzed when new samples become 

available276-278. These databases contain results of expression studies on 

different types of tissue, including post-mortem brain tissue.  
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Another source of data that is becoming increasingly important is the 

ENCODE database70. Genes only constitute 1% of the human genome. 

The encyclopedia of DNA elements (ENCODE) aims to systematically 

map all sorts of functional elements to the human genome70. Besides 

gene regions, this includes for example transcription regions, 

transcription factor association, chromatin structure, histone 

modification, and methylation. Based on this broad definition of function, 

80% of the genome can be assigned a function70. Although the exact 

biological functions of these regions remain unclear, results from the 

ENCODE project clearly suggest that many non-coding regions in the 

genome may have regulatory functions. 

The size and richness of data resources currently available to genetic 

researchers illustrates that genetic research has become big data 

research279, 280. Genome browsers, such as the UCSC browser281 

mentioned in Chapter 3, have an important role to play in providing a 

single intuitive framework that facilitates exploration of these big data 

resources. However, this abundance of easily accessible genome-wide 

data also poses an important statistical challenge, as discussed in the 

next paragraph.  

Statistical limitations of big data 

The challenges big data research poses are often framed in terms of 

technological infrastructure. What infrastructure should be used to store, 

retrieve, and analyze the vast amounts of data involved in big data 

research?279. Although these are important considerations, they do not 

address another fundamental issue in big data research: the curse of 

dimensionality. The curse of dimensionality refers to the fact that as the 

number of independent parameters to be estimated increases, the size 

of the parameter space grows exponentially. For example, to determine 
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whether or not a single genetic variant is associated with a disorder only 

two possibilities (yes/no) need to be distinguished. However, if we want 

to determine for each of a thousand genetic variants whether or not 

they are associated with a disorder, the number of possibilities is a 

stunning 21000, which is approximately 10131. This parameter space is 

much larger and it is intuitively clear that given the same sample size 

less information will be available to determine exactly which genetic 

variants are associated when analyzing 1000 variants compared with 

analyzing a single variant. Due to the curse of dimensionality, realistic 

sample sizes are not sufficient to reliably determine which variants are 

associated and which are not, without imposing some restrictions on the 

statistical model used or accepting large type 1 or type 2 error rates. 

Even in large GWA studies the number of subjects is much smaller than 

the number of independent parameters to estimate.  Given the genome-

wide statistical threshold of 5x10-8 used for multiple testing correction, 

we effectively assume that 1,000,000 independent tests are performed. 

This is much more than the largest GWA sample sizes currently 

available, which to date are in the order of hundreds of thousands. In 

other words, the average number of subjects per dependent variable is 

much smaller than one. It is therefore impossible to estimate all effect 

sizes in a single logistic regression model. The current practice is 

therefore to analyze all genetic variants independently and correct for 

multiple testing (hence the stringent threshold of p < 5x10-8). That way, 

false positives are mostly avoided at the cost of a large number of false 

negatives. Further increasing sample sizes will reduce this number of 

false negatives. However, the low power of GWA studies results in the 

winner’s curse: effect sizes of significant findings tend to be 

overestimations282. As Chapter 6 and 7 illustrated, other biases (in both 
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directions) can occur as well when analyzing GWA data one SNP at a 

time. 

The curse of dimensionality is felt even greater when analyzing 

interactions between genetic variants (epistasis). As Chapter 8 

discussed, it is impossible to empirically estimate the amount of 

epistasis without making overly strong assumptions. Analyzing all 

possible two-way interactions would require such strict multiple testing 

comparisons that the power to detect any effect would be negligible. In 

practice, researchers only analyze interactions between genetic variants 

with significant main effects or target specific interactions based on 

biological hypotheses.  Whether main effects or epistastic effects are 

analyzed, either way large sample sizes are required to achieve 

sufficient power for detecting relatively small effect sizes in GWA 

studies283, 284. 

Because not all variants can be modeled simultaneously in a single 

regression model, alternative models have been proposed to model the 

relationship between genotype and disease. As discussed earlier, GCTA 

imposes an additional assumption on the distribution of SNP effect sizes 

to estimate the total heritability222. However, the imposed normal 

distribution strongly biases all effect size estimates towards zero. Since 

we expect most effect sizes to be small, a symmetric distribution 

centered around zero is a realistic assumption. Nonetheless, GCTA 

illustrates the fundamental principle that if the sample size is smaller 

than the number of independent parameters, strong additional model 

assumptions are required to successfully analyze GWA data in a single 

model. Similarly, in polygenic risk score analysis tens of thousands of 

independent genetic variants can be used to predict disease risk (see 

Chapter 5). However, the quality of the risk score is determined by the 
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reliability of the effect size estimates. Again very large sample sizes are 

required to produce risk scores that are reliable enough to predict 

disease risk. 

Polygenic risk score analysis is a relatively simple procedure for 

predicting disease risk. Pirooznia and colleages285 therefore compared 

the prediction error of polygenic risk score with five more sophisticated 

machine learning approaches: Bayesian networks, lasso regression, 

support vector machines, radial basis functions, and random forests. 

They concluded that, to their own surprise, polygenic risk score 

prediction performed at least as well as any of the five other 

approaches. Specifically, only Bayesian networks performed as well as 

polygenic risk score. Although machine learning techniques are in 

principle capable of capturing much more complex relationships between 

genotype and phenotype than polygenic risk score, they may require 

even larger sample sizes to do so. 

Despite statistical advances to analyze GWA data, such as GCTA and 

polygenic risk score analysis, it is clear that any purely data-driven 

approach suffers from the curse of dimensionality. Further increasing 

sample sizes is useful, but does not circumvent this fundamental 

limitation. As mentioned in Chapter 3, candidate gene studies have 

much higher power due to their focused approach. However, the 

hypothesis-driven approach of candidate gene studies has limitations as 

well, since it requires plausible hypotheses that do not exist for most 

genetic variants. Combining a data-driven with a hypothesis-driven 

approach would combine the strengths of both approaches. To achieve 

this, biological information about functionality of genomic regions, such 

as collected by the ENCODE project, may be used to augment a data-

driven statistical analysis. For example, the weighting of genetic variants 
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in polygenic risk score analysis is based on effect sizes from a traditional 

GWA study. However, it is clear that some regions in the genome are 

more likely to harbor genetic effects than others. For example, Gusev 

and colleagues286 partitioned the heritability explained by genotyped 

SNPs. They show that while coding regions only cover 1% of the 

genome, genetic variants in coding regions explain 8% of the SNP 

heritability.  Similarly, DNase1 hypersensitivity sites from 218 cell types 

span 16% of the genome, but explain on average 79% of the 

heritability. This type of information could be used to further adjusted 

SNP weights in polygenic risk score analysis to reflect the a priori 

probability that specific region contributes to the heritability of a 

disorder. Similarly, the fact that genetic variants associated with 

schizophrenia are enriched with variants that are close to brain 

expressed genes suggests that not all genetic variants are equally likely 

to contribute to disease risk. The incorporation of additional independent 

biological information in the statistical analysis of GWA data may not 

only provide biological insight, but can focus the statistical analysis in a 

way that is similar to a hypothesis-driven approach, without a priori 

restricting the genetic variants to a small subset. 

What makes psychiatric disorders complex? 

Although it has been possible to empirically show that at least thousands 

of independent genetic variants must cumulatively contribute to the risk 

of complex disorders like schizophrenia, which genetic variants are 

involved and how they contribute to disease risk is still largely unknown. 

This complex etiology of psychiatric disorder raises the question about 

the type of complexity of the biological mechanisms that underlie 

psychiatric disorders. 



 

190 

It has been hypothesized that once the majority of these SNPs have 

been identified a relatively simple pattern will emerge on the level of 

pathways, explaining why specifically these genetic variants are 

associated with schizophrenia. For example, Ruano and colleagues287 

have shown that synaptic heterotrimeric G proteins play a role in 

cognitive ability. Although the functional gene group they identified only 

explains 3.3% of the variance in cognitive ability, this is more than the 

variance explained by any single gene. However, these results also 

suggest that other, possibly many different, pathways play a role in 

cognitive ability. It is therefore possible that future empirical testing will 

show large complexity on both the SNP level and the pathway level. 

Besides empirically testing which factors contribute to heritability on 

different biological levels (e.g., SNP, gene, or pathway), it is also 

important to think about the implications of different levels of 

complexity. One possible outcome of future research is that psychiatric 

disorders and phenotypes, although complex on the SNP level, are 

relatively simple on the pathway level. However, it is also possible that 

the genetic complexity of psychiatric disorders is not only large on the 

SNP level, but also on the pathway level. Although such differences in 

complexity have important implications for genetic research, we 

currently lack a theoretical framework to quantify and classify them. 

The most common distinction in genetic complexity that is typically 

made is that between Mendelian and complex diseases. Such a crude 

distinction resembles the “one, two, many” counting vocabulary of some 

Aboriginal tribes that did not feel the need to distinguish numbers larger 

than two288. Contrary, in mathematics even different types of infinity 

have been distinguished, for example countable and uncountable 

infinity. Such distinctions greatly facilitate the reasoning about a 

heterogeneous concept such as infinity. Similarly, it would be useful to 



Chapter 9 

191 

use and develop measures of genetic complexity to systematically 

categorize heritable diseases in terms of genetic complexity. Some 

genetic measures currently in use can be used to serve this purpose. 

Heritability estimates of a disease quantify the genetic basis of diseases 

in a particular population. Estimates of coheritability make it possible to 

create a genetic map from which disease clusters may arise that provide 

additional biological insight. Estimates of the number of independent 

genetic variants contributing to the heritability provide insight in the 

degree of genetic complexity on the SNP level. However, once genetic 

effect sizes are being estimated on different biological levels (SNPs, 

genes, pathways, etc.), it becomes important to develop measures that 

take the relationship between different levels of complexities into 

account. 

To illustrate the importance of measures of genetic complexity, it is 

useful to compare the genetic complexity of schizophrenia with other 

complex phenotypes. Intuitively it seems that the heterogeneity and the 

relatively subjective criteria to diagnose schizophrenia have made it 

especially difficult to identify genetic variants for schizophrenia. Indeed, 

the number of SNPs estimated to be associated with schizophrenia 

(8,000) is larger than the number of SNPs associated with, for example, 

type 2 diabetes (3,000), even though the variance in disease liability 

explained by common SNPs was similar for both disorders32, 55. This 

suggests that schizophrenia is genetically more complex than type 2 

diabetes, since more common SNPs with smaller effect size are involved. 

More generally, it may be hypothesized that the genetic architecture of 

brain-related disorders is more complex than that of a simple objective 

measure such as human height. However, height is a very complex 

phenotype. For example, it is estimated that 45% of the variance in 

height can be explained by common SNPs across the genome, again 
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indicating that many genetic variants with small effect sizes contribute 

to the heritability52, 53. Because height and schizophrenia have not been 

directly compared in terms of a single complexity measure, it is difficult 

to assess which of the two is more complex. Park and colleagues91 

estimated the distribution of effect sizes for several complex 

phenotypes, adjusted for power differences, including height and type 2 

diabetes, but not schizophrenia. The SNP effect sizes for height were 

smaller than, for example, those for type 2 diabetes, indicating that 

height is genetically more complex than type 2 diabetes as well. Using 

quantitative measures to reason about genetic complexity makes it 

possible to create a complexity map of phenotypes and answer 

interesting hypotheses, such as whether brain disorders are genetically 

more complex than other disorders. Genetic complexity also has 

important implications for research design. It has been argued that 

instead of studying psychiatric disorders directly, endophenotypes 

should be studied instead68.  Endophenotypes are biological phenotypes 

that are correlated to the disorder of interest, but arguably have a less 

complex relationship with the genotype. Therefore the genetic 

complexity of psychiatric disorders and related endophenotypes can be 

assessed to check whether or not specific endophenotypes are 

genetically less complex than a related phenotype. These examples 

illustrate the usefulness of reasoning about genetic complexity and the 

need for refinement and standardization of complexity genetic 

measures. Complexity estimation allows a systematic categorization of 

disorders and other phenotypes beyond the dichotomous distinction of 

complex versus Mendelian. 

Of course genetic complexity is a much richer concept than merely the 

number of genetic variants associated with a disorder and the size of 

their effect sizes. The substantial genetic overlap between psychiatric 
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disorders suggests a large amount of pleiotropy: many genetic variants 

are associated with multiple disorders2, 42. This is not surprising given 

the genetic complexity of brain disorders. SNPs and genes are low-level 

building blocks that take part in low-level cell processes. Genes 

presumably serve a useful function in one or more cellular processes 

and have not been evolved to specifically cause psychiatric disorders. In 

this sense psychiatric disorders may be an unfortunate side effect of a 

genetic make-up and it may be misleading to talk about schizophrenia 

genes, as if these genes specifically cause schizophrenia. The fact that 

genes are often associated with multiple disorders again suggests a level 

of genetic complexity that we are only starting to comprehend. 

Although geneticists recognize the genetic complexity of psychiatric 

disorders, they use relatively simple additive models that assume a 

direct causal relation between genetic variants and phenotypes289. This 

is mainly because of the statistical limitations discussed earlier. To 

return to the primary question of this section “What makes psychiatric 

disorders complex?” I would like to discuss an alternative view on this 

matter. An implicit assumption in most genetic studies is that variations 

in the genetic code play a coordinating role in the development of a 

psychiatric disorder. However, such a central coordination system does 

not necessarily exist. Instead, psychiatric disorders may be emergent 

properties of a complex self-organizing biological system. A simple 

example of an emergent property is swarming290. When fish, birds, or 

insects swarm they seem to move together in a coordinated way, all 

moving in the same direction. However, swarming is an emergent 

property, because there is no central coordination. Instead, coordination 

of movement is distributed across all animals. Each animal behaves 

according to simple rules that only involve the behavior of their close 

neighbors. The result of these simple rules is that the aggregate of all 
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individuals move in a seemingly coordinated manner. However, none of 

the individual animals cause the swarm. In fact, removing a subset of 

individuals only makes the swarm smaller, but does not change its 

fundamental properties. The difficulty of emergent properties is that 

although they may be explained, they do not have simple causes in the 

traditional sense. Therefore, if psychiatric disorders are indeed emergent 

properties of a self-organizing biological system, the notion of 

identifying genes causing a psychiatric disorder may be misleading. 

Instead, many different combinations of genetic variants may make 

someone more or less liable to multiple disorders. This scenario fits well 

with the current picture that many genetic variants of small effect size 

explain phenotypic variation of a multitude of disorders2, 42. 

The perspectives and ideas of complexity theory, such as the notion of 

emergent properties, are relevant in the context of complex genetics. If 

anything, it reminds us that significant results from additive statistical 

models do not imply biological causation. In fact, if psychiatric disorders 

are indeed emergent properties, explaining them biologically in terms of 

genetic variation may not be the most parsimonious explanation. For 

example, Markov and Markov291 used simulations to argue that 

ontogeny, the development of an ordered complex multi-cellular 

organism from one dividing cell, may be an emergent property that can 

be explained by dividing self-coordinating individual cells following a 

single set of rules stored in the genotype. Although such simulation 

studies are always speculative in nature, they do show that relatively 

simple biological rules can produce phenotypes that are complex from 

the perspective of statistical genetics.  

Even then, empirically studying statistical properties in psychiatric 

genetics remains important. Reliable statistical patterns of disease risk, 
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onset, and treatment are necessary to effectively assess disease risk, 

disease onset, and may help improving current treatments. On the other 

hand, studying the statistical implications of different types of disease 

complexity through simulation studies may provide additional insight in 

the types of genetic complexity that are compatible with results from 

empirical studies. 

Future perspectives 

Despite the enormous genetic complexity of psychiatric disorders, the 

last few years have shown an enormous progress in the field of 

psychiatric genetics. Large sample sizes have been collected and have 

provided new insights in some of the biological factors contributing to 

the etiology of schizophrenia, such as the confirmation of the role of 

dopamine pathways and the role of immune processes. Further progress 

is expected in at least three areas: samples sizes, advances in 

biotechnology, and statistical innovations. 

First, because of the curse of dimensionality increasing sample sizes 

remains important; not only for those few disorders for which sample 

sizes are already substantial, but also for heritable disorders and related 

phenotypes for which currently no large sample sizes are available. At 

some point, due to both technological and societal changes, some 

countries may even introduce legislation to sequence and store 

genotypes at birth by default for both medical and research purposes. 

The use of medical national registers for research purposes in 

Scandinavian countries have shown that the benefits can be 

substantial292, 293. The balance between privacy concerns and research 

potential is clearly a delicate one294-296 and the risks for individual 

privacy should be mitigated by a sufficiently protecting strong legal 
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framework. Despite the ethical implications, databases containing both 

genotypes and medical phenotypes over the lifespan would provide an 

enormous impetus for genetic research and medical research in general. 

Second, technological advances in biotechnology will open up new 

possibilities. Technological breakthroughs like pluripotent stem cell 

research297 allow experimental designs involving living human brain cells 

that were previously impossible for obvious ethical reasons. Additionally, 

as more laboratory procedures are automated, the cost of all sorts of 

biological data will drop and additional types of genome-wide data will 

become available. Future biological data is likely to be cheaper, of 

higher quality, and more diverse. These developments will help in 

providing insight in biological processes, and undoubtedly raise new 

interesting questions. The problem with many bioinformatics databases 

to date is that only a fraction of biological processes is well understood. 

For example, information about genetic pathways is often limited to 

relatively low-level cell processes and it is unclear what percentage of 

cell processes has been identified. Often, limited sample sizes play a role 

too. Although many genome-wide gene expression studies have been 

performed, their sample sizes are relatively small, making it difficult to 

obtain a reliable genome-wide picture of normal gene expression in 

humans. 

Finally, as discussed, large and diverse sets of data pose statistical 

challenges. Although the fundamental limitation of the curse of 

dimensionality cannot be avoided, new statistical models may be 

developed that efficiently deal with this complexity. Either by simplifying 

the parameter space, such as in GCTA, or by using independent 

biological data sets to augment existing statistical methods, such as the 

use of ENCODE data to adjust the weight of genetic variants in polygenic 
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risk score. Ideally, a new breed of statistical methods will emerge that 

combine the strengths of data-driven and hypothesis-driven approaches. 

Of course genetic research is not without limitations. Although 

personalized medicine is currently hotly debated, the reliability of 

genetic testing for personal use will always be limited by the heritability 

of a disease298. For example, a person with a monozygotic twin sibling 

that is a schizophrenia patient has a 48% chance to become a 

schizophrenia patient as well24. This is much larger than the 0.4% 

lifetime prevalence of schizophrenia299. Unless heritability is 100%, 

disorders are always somewhat influenced by environmental factors. It 

is therefore important to study the relation between genetics and 

environmental factors as well. In this context, environmental factors are 

any factors that are not explicitly encoded in the genome. These include, 

for example, epigenetic effects that result from changes in the molecular 

configuration of chromosomes and may be passed on from parents to 

children300. 

Concluding, psychiatric genetics is a multidisciplinary field with a bright 

future. Based on past and future contributions of geneticists, physicians, 

statisticians, (bio)engineers, computer scientists, and even complexity 

theorists we will discover more and more about the genetic etiology of 

psychiatric disorders. However, despite its bright future, it is important 

to not expect instant miracles. If anything, past results show that these 

disorders are incredibly complex and the exact nature of this complexity 

is still not understood. With respect to understanding the genetic basis 

of psychiatric disorders we are only at the very beginning of a long but 

exciting journey. 
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Nederlandse samenvatting 
Zoals besproken in Hoofdstuk 1, hebben genoomwijde associatie (GWA) 

studies bevestigd dat veel psychiatrische stoornissen, in het bijzonder 

schizofrenie, sterk erfelijk zijn. Belangrijker nog, deze studies hebben 

laten zien dat de relatie tussen genetische en psychiatrische stoornissen 

uiterst complex is. Duizenden genetische varianten, elk met een klein 

individueel effect, dragen samen bij aan de relatief grote erfelijkheid van 

veel psychiatrische stoornissen. In dit proefschrift ligt de nadruk op een 

specifiek type genetische variant, SNPs genaamd, waarbij een enkele 

letter in de genetische code varieert. 

Waar in GWA studies alle gangbare genetische varianten onderzocht 

worden, focussen kandidaat-gen studies op één of enkele genen 

(Hoofdstuk 3). De grootte van de benodigde steekproef in een kandidaat 

gen studie is veel kleiner dan die in een GWA studie, omdat een veel 

minder strikte correctie nodig is voor het aantal statistische testen dat 

wordt uitgevoerd. Desondanks laten simulaties van statische power zien 

dat in veel gevallen honderden proefpersonen nodig zijn, doordat de 

individuele genetische effecten zo klein zijn. In Hoofdstuk 3 zijn ook 

twee websites besproken die gebruikt kunnen worden bij het selecteren 

van kandidaat genen in een kandidaat gen studie. 

Een grote steekproef is echter geen garantie voor significante 

resultaten. Een uitgebreide meta-analyse met meer dan 24.000 

proefpersonen was niet genoeg om genetische varianten te detecteren 

die geassocieerd zijn met cannabisgebruik, hoewel een statistische test 

gebaseerd op genen wel twee genen detecteerde. Deze kon echter niet 

gerepliceerd worden in een kleine onafhankelijke steekproef (Hoofdstuk 

4). Toch blijken meer genetische varianten een p-waarde kleiner dan 



 

230 

0.05 te vertonen dan verwacht op basis van kans alleen. Dit duidt er op 

dat genetische factoren wel degelijk een rol spelen in het gebruik van 

cannabis, maar dat grotere steekproeven nodig zijn om significante 

genetische varianten te vinden. Zodra een grote GWA studie 

gepubliceerd is, kunnen de resultaten een belangrijke bijdrage leveren 

aan toekomstige studies. Zo kunnen bijvoorbeeld in een polygene risk 

score analyse ook niet-significante resultaten gebruikt worden om de 

genetische overlap tussen ziekten te onderzoeken. In Hoofdstuk 5 werd 

op die manier de genetische overlap tussen schizofrenie en drie immuun 

ziekten onderzocht: type 1 diabetes, reumatoïde artritis, and de ziekte 

van Crohn. Polygene risk score analyse toonde aan dat schizofrenie een 

significante genetische overlap vertoont met deze drie immuunziekten. 

De genetische overlap tussen schizofrenie en deze drie immuun-

gerelateerde ziekten was significant groter dan de genetische overlap 

tussen schizofrenie en type 2 diabetes, dat niet in eerste instantie 

gekenmerkt wordt door slecht functioneren van het immuunsysteem. 

Statistische modellen zijn altijd gebaseerd op assumpties. Wanneer niet 

aan deze assumpties voldaan wordt, kunnen de schattingen van effecten 

onzuiver zijn. Over het algemeen wordt in GWA studies één genetische 

variant per keer geanalyseerd. Daarbij wordt er impliciet van uitgegaan 

dat andere genetische varianten niet bijdragen aan het risico voor 

ziekte. Voor genetisch complexe ziekten geldt deze assumptie duidelijk 

niet, aangezien zulke ziekten per definitie beïnvloed worden door vele 

genetische varianten. Hoofdstuk 6 liet zien dat in lineaire en log-lineaire 

modellen, een SNP-per-SNP analyse geen probleem is. Daar staat 

tegenover dat in studies waarin zieke en gezonde proefpersonen worden 

vergeleken een SNP-per-SNP analyse kan leiden tot onderschatting van 

de effectgrootte. Hoofdstuk 7 illustreerde dat een soortgelijk probleem 
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optreedt wanneer een genoomwijde Cox PH survival analyse wordt 

uitgevoerd. 

In genetische survival analyse wordt vaak ook een andere aanname 

geschonden. Over het algemeen zullen niet alle proefpersonen tijdens 

hun leven de te onderzoeken ziekte oplopen. Dit feit wordt genegeerd in 

een traditionele survival analyse, zoals Cox PH regressie, en kan leiden 

tot onzuivere schatters. Zoals Hoofdstuk 7 aantoonde, leidt een cure 

survival analyse wel tot zuivere schatters, omdat het expliciet twee 

groepen modelleert: proefpersonen die wel de ziekte zullen ontwikkelen 

en proefpersonen die dat niet doen. 

Model-misspecificatie is soms moeilijk empirisch te toetsen. Het 

wetenschappelijk debat over het belang van statische epistase is daar 

een voorbeeld van (zie Hoofdstuk 8). Een grote mate van epistase kan 

van invloed zijn op de erfelijkheidsschattingen van tweelingstudies. 

Hoewel het niet mogelijk is de mate van epistase empirisch te toetsen, 

aangezien het betreffende model te complex is, suggereren 

simulatiestudies dat de schattingen van tweeling studies alleen onzuiver 

zijn als uitgegaan wordt van een groot effect van de gedeelde 

omgeving. 

Het moge duidelijk zijn dat de wereld van genetisch onderzoek divers is 

en vele uitdagingen kent. Door grotere steekproeven en technologische 

ontwikkelingen zal langzaam maar zeker steeds meer duidelijk worden 

over de complexe relatie tussen genetische code en de ontwikkeling van 

psychiatrische stoornissen. 
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