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Abstract 

Autism Spectrum Conditions (henceforth, autism) refers to a group of 

neurodevelopmental conditions characterized by difficulties in social interaction and 

communication, difficulties in adjusting to unexpected change, alongside unusually narrow 

interests and repetitive behaviour, and sensory hyper-sensitivity. Twin and family-based 

studies have consistently identified high heritabilities for autism and autistic traits, with recent 

studies converging at 60 ï 90% heritability. Common genetic variants are thought to additively 

contribute to as much as 50% of the total risk for autism. In this thesis, I investigate the 

contribution of common genetics variants (including SNPs, and InDels) to autism and related 

traits. In Chapter 1, I discuss the recent advances in the field of autism genetics, focussing on 

the contribution of common genetic variants to the risk for autism. Chapters 2 ï 7 report the 

results of various studies investigating the genetic correlates of autism and related traits. In 

Chapter 2, I surveyed the evidence for 552 candidate genes associated with autism, and 

conducted a meta-analysis for 58 common variants in 27 genes, investigated in at least 3 

independent cohorts. Meta-analysis did not identify any SNPs that were replicably associated 

with autism in the Psychiatric Genetics Consortium genome-wide association study (PGC-

GWAS) dataset after Bonferroni correction, suggesting that candidate gene association studies 

are not statistically well-powered. In Chapters 3 ï 7, I conducted genome-wide association 

studies (GWAS) for 6 traits associated with autism: self-reported empathy (N = 46,861, 

Chapter 3), cognitive empathy (N = 89,553, Chapter 4), theory of mind in adolescents (N = 

4,577, Chapter 5), friendship satisfaction (Neffective = 158,116) and family relationship 

satisfaction (Neffective = 164,112, both Chapter 6), and systemizing (N = 51,564, Chapter 7). 

GWAS identified significant loci for self-reported empathy, systemizing, friendship and family 

relationship satisfaction, and cognitive empathy. Genetic correlation analyses replicably 

identified a significant negative genetic correlation between autism and family relationship 

satisfaction and friendship satisfaction, and a significant positive genetic correlation between 

autism and systemizing. In addition, there was a negative genetic correlation between one of 

the autism GWAS datasets (iPSYCH) and self-reported empathy. Chapter 8 draws all of these 

studies together, concluding that there may be at least two independent sources of genetic risk 

for autism: one stemming from social traits and another from non-social traits. I discuss some 

future directions about how this can be leveraged using polygenic scores from multiple 

phenotypes to potentially stratify individuals within the autism spectrum, and both the strengths 

and limitations of the reported studies.   
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1. Introduction 

1.1 Autism: definition, prevalence, and co-morbidities 

The term autism refers to a group of heterogeneous neurodevelopmental conditions 

typically characterized by difficulties in social interaction and communication alongside 

repetitive and stereotyped behaviours, and is usually accompanied by difficulties in verbal 

communication. First described by Leo Kanner and Hans Asperger in 1943 and 1944 

respectively1, the term encompasses Classic Autism and Aspergerôs Syndrome. The condition 

is extremely heterogeneous but at its core consists of impaired social and communicative 

development which, in almost all cases, persists into adulthood. The latest Diagnostic and 

Statistical Manual of Mental Disorders (DSM-V) defines autism (officially, autism spectrum 

disorder) as having difficulties in social communication and interaction, and, having restrictive, 

repetitive, and stereotyped behaviour (American Psychiatric Association, 2013). In addition, 

difficulties in the two areas must be present in early childhood even if they were identified 

later, and must together impair and limit everyday functioning. The latest International 

Statistical Classification of Diseases and Related Health Problems (ICD 10) (World Health 

Organization, 1992), classifies the group of conditions into childhood autism, and Asperger 

syndrome. Childhood autism, in addition to the dyad of difficulties mentioned in DSM-V, also 

incorporates difficulties in verbal communication. Asperger Syndrome differs from childhood 

autism in that there is no delay or retardation of language or cognitive development.  

While initially thought to be extremely rare condition, the prevalence of autism has been 

rising steadily over years. Between 2000 to 2013, the Center for Disease Control and 

Preventionôs Autism and Developmental Disorders Monitoring Network has identified an 

increase in prevalence from 67 in 10,000 in 2000 to 146 in 10,000 in 2012 (see: 

http://www.cdc.gov/ncbddd/autism/data.html), calculated using a survey of 8-year old children 

in the United States. A more recent study (2015) using a modified National Health Insitute 

Survey in the United States in children aged 3- 17, identified a prevalence of 224 in 10,000 

(2.24%) (see: http://www.cdc.gov/nchs/data/nhsr/nhsr087.pdf).  

In addition to the difficulties in the core diagnostic criteria, individuals with autism often 

have other comorbid conditions. For example, many individuals have atypical language 

development, sensory hypo or hypersensitivity, and difficulties in motor coordination, 

including dyspraxia. Approximately 38% of all individuals with autism have intellectual 

                                                           
1 Though it was initially believed that Kanner and Asperger had independently identified and reported the two 

conditions, newer evidence suggests that Kanner was aware of Aspergerôs work on the condition.  

http://www.cdc.gov/ncbddd/autism/data.html
http://www.cdc.gov/nchs/data/nhsr/nhsr087.pdf
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disability, as estimated by the CDC. Similarly, many autistic individuals also have comorbid 

ADHD, depression, and suicidal ideation (Lai, Lombardo, & Baron-Cohen, 2013). Aside from 

clinical comorbidities, on average, individuals with autism tend to perform better on measures 

of ósystemizingô  (Baron-Cohen et al. 2003), that is, the drive to analyse and build systems, 

based on identifying the laws that govern the particular system, in order to predict how that 

system will work. Systems may be abstract, mechanical, natural, collectible, and motoric. They 

also perform better on tests of attention to detail (Jolliffe & Baron-Cohen, 1997), a prerequisite 

for systemizing. Individuals who are in the science-technology-engineering-maths (STEM) 

fields, or relatives of these individuals, are more likely to be diagnosed with autism or have 

higher levels of autistic traits (Baron-Cohen, Wheelwright, Stott, Bolton, & Goodyer, 1997; 

Ruzich et al., 2015; Wheelwright & Baron-Cohen, 2001). Autistic individuals also, on average, 

tend to have difficulties in eye contact (Jones & Klin, 2013), attention to social stimuli 

(Dawson, Meltzoff, Osterling, Rinaldi, & Brown, 1998), and interpreting emotions ( Baron-

Cohen et al. 2001), which contributes to persistent difficulties in social interaction and 

communication. This may be because the social domain is less amenable to systemizing, as it 

does not reduce to a set of rules 

1.2 Heritability of autism: Twin studies and familial recurrence 

Since the first description in 1943 by Leo Kanner (Kanner, 1943), autism was known to be 

a condition that manifested in early childhood, leading to the hypothesis that the condition is 

at least partly genetic. Establishing heritability is important, as it provides evidence for a causal 

role of genes in autism risk, which can then inform molecular genetic studies. The first twin 

study to report evidence for familiality in autism, by Folstein and Rutter in 1977, investigated 

the concordance of autism in a small sample of 11 monozygotic twins (MZ) and 10 dizgyotic 

twins (DZ) (Folstein & Rutter, 1977). The concordance for autism was 36% in the MZ twins 

and 0% in DZ twins. Expanding the criteria to include associated cognitive and social 

impairment or the Broad Autism Phenotype (BAP) showed that 82% of the MZ twins were 

concordant whereas only 10% of the DZ twins were concordant. Since then, several studies 

have investigated the heritability of autism in twin samples in different populations. Heritability 

estimates have largely been comparable and high across twin studies, regardless of the 

ascertainment criteria (Ronald & Hoekstra, 2011).  

A recent meta-analysis of seven twin studies identified a high twin heritability of 64 - 91% 

(Tick, Bolton, Happé, Rutter, & Rijsdijk, 2016). In parallel, twin studies of óautistic traitsô have 

identified modest to high heritabilities between 60 - 90%, although this varies depending on 
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the type of measure used and the age of the participants (de Zeeuw, van Beijsterveldt, Hoekstra, 

Bartels, & Boomsma, 2017; Ronald & Hoekstra, 2011). A few studies have also conducted 

multivariate co-heritability analyses of autism and related phenotypes, suggesting a significant 

shared genetic influence. The genetic correlation between autism/autistic traits and 

ADHD/ADHD traits, in particular, is high, reflecting the phenotypic co-morbidity (Ronald & 

Hoekstra, 2011).  

Family recurrence rates have also provided evidence for heritability for autism. Multiple 

studies from Scandinavian countries have identified similar risk ratio for siblings of individuals 

with autism (~10%) (Grønborg, Schendel, & Parner, 2013; Jokiranta-Olkoniemi et al., 2016; 

Sandin et al., 2014). A recent study investigating insurance records has identified a heritability 

of ~ 90% (Kanix Wang, Gaitsch, Poon, Cox, & Rzhetsky, 2017).  Family recurrence rates also 

offer other clues into the underlying genetics of autism. One interesting observation is that 

siblings of female probands have higher risk for autism than siblings of male probands - an 

observation that is called the Carter Effect (the effect was originally described in pyloric 

stenosis (Carter & Evans, 1996), but subsequently used in other conditions). The Carter Effect 

suggests that females have a protective effect, suggesting that a greater mutation burden is 

required for a clinical diagnosis of autism (this has been confirmed using gene sequencing 

studies, see below). If the genetic risk is partly familial i.e. not de novo, this higher genetic risk 

can be inherited by siblings, thus increasing the risk for autism. Investigation of twin and 

multiplex family samples have identified a higher relative risk for autism in siblings of female 

probands (Werling and Geschwind 2015; Robinson et al. 2013). In contrast, large population 

studies have failed to find support for the Carter Effect (Sandin et al., 2014).   

Another interesting finding is the identification of autistic traits or the broad autism 

phenotype in family members of probands (Wheelwright et al. 2010). This is also supported 

by the identification of higher relative risk for other psychiatric conditions in family members 

of probands compared to the general population (Constantino, Zhang, Frazier, Abbacchi, & 

Law, 2010; Frazier et al., 2015; Jokiranta-Olkoniemi et al., 2016).  

A third interesting finding is that of parental age. A few studies have demonstrated that 

increased paternal age increases the risk for autism (Frans et al., 2013; McGrath et al., 2014; 

Sandin et al., 2015). Indeed, a considerable proportion of de novo mutations are paternal in 

origin (Gratten et al., 2016; Kong et al., 2012). Earlier studies have noted that increased paternal 
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age also increases the risk for de novo mutations in the sperm as the number of cell replications 

increases with age (Gratten, Wray, Keller, & Visscher, 2014; Kong et al., 2012).  

Finally, another hypothesis which has received considerable support is the idea that higher 

autistic traits or psychiatric liability in individuals is likely to delay fatherhood (Gratten et al., 

2014; McGrath et al., 2014). However, a recent study has shown in addition to increased 

paternal age, the difference in ages between the parents also contributes to risk for autism, with 

the risk increasing as the difference in ages increases (Sandin et al., 2015). The mechanism 

underlying the increased risk for increased differences in parental age is unclear, though it is 

possible that subthreshold psychiatric risk can both advance and delay parenthood in 

comparison to the mean age in the general population.  

1.3 Molecular genetics: Linkage, syndromic forms of autism and candidate genes 

With evidence of considerable heritability for autism from twin studies, early genetic 

studies focused on linkage of multiplex autism families to identify loci associated with the 

condition. Linkage studies investigate the inheritance of regions of chromosomes in family 

pedigrees. The first autism linkage study was reported by IMGSAC in 99 families 

(International Molecular Genetic Study of Autism Consortium, 1998). Early linkage studies 

were non-parametric and in a relatively small sample size of 100 - 200 families. These studies 

used relatively sparse linkage genotyping, and had limited success.  

Many genes currently associated with autism were first identified through specific 

syndromic forms of autism. For example, four early genes identified with autism ï FMR1, 

TSC1 and TSC2, and MECP2 ï are all associated with syndromic forms of autism (Fragile X 

Syndrome, Tuberous Sclerosis, and Rett Syndrome respectively). Early studies also 

investigated large chromosomal abnormalities by karyotyping. Because of the low resolution 

of these studies, it was impossible to identify specific genes associated with the condition. 

Today, the prevalence of chromosomal abnormalities is estimated to be less than 2% in autism 

(Bourgeron, 2016). However, early studies identified genes by sequencing candidate genes in 

loci with frequent deletions and/or duplications in autism.  For example, Bourgeron and 

colleagues used this approach to identify three early genes with autism: SHANK3, NLGN3, and 

NLGN4X (Durand et al., 2007; Jamain et al., 2003). Subsequent gene sequencing efforts in 

large cohorts has provided further support for NLGN3 and SHANK3 in autism (Sanders et al., 

2015). 
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Candidate gene approaches have also provided several false positives. Several genes have 

been investigated in autism using a candidate gene association approach (for a list, see: 

https://gene.sfari.org/autdb/HG_Home.do). These were typically but not always conducted in 

relatively small sample sizes, investigating a small number of genetic variants. In Chapter 2, I 

report the results of the first systematic meta-analysis of candidate gene association studies in 

autism where we reviewed the evidence of 552 genes that have been included in association 

studies in autism (Warrier, Chee, Smith, Chakrabarti, & Baron-Cohen, 2015). Common genetic 

variants in only 27 of these genes had been investigated in three or more independent cohorts, 

suggesting a scarcity of well-replicated genetic associations for autism. None of the variants 

included in the meta-analysis were significant in a larger genome-wide association cohort. It is 

thus clear that common genetic variants have very small effects, and all of the previous 

candidate gene association studies that have reported associations with autism are statistically 

underpowered and false-positives. This works sets the stage for subsequent genetic 

investigations conducted in the remaining chapters; the genetic association studies have been 

conducted in relatively large samples, affording different degrees of statistical power. Further, 

we move away from candidate associations to perform óhypothesis-naµveô genome-wide 

association studies (GWAS).   

1.4 Copy number variants and de novo loss of function mutations  

Copy number variants (CNVs) are submicroscopic genomic deletions or duplications that 

are larger than 1,000 nucleotides (an arbitrary number). These are frequent in the genome and 

alter gene dosage (Zarrei, MacDonald, Merico, & Scherer, 2015). Several de novo and inherited 

copy number variants (CNVs) have been identified in autism. In 2007, the first study 

investigating the role of CNVs in autism used data from 118 simplex families, 44 multiplex 

families, and 99 control families, and identified a significant excess of de novo CNVs in 

simplex probands (Sebat et al., 2007). Since then several studies have investigated the role of 

CNVs in autism and replicated the initial results (reviewed in (Chung, Tao, & Tso, 2014; 

Geschwind & State, 2015)).  

Several well-validated results have emerged. CNVs are found at a significantly higher 

frequency in probands compared to unaffected siblings (approximately 2 ï 3 times more CNVs 

than siblings) (Sanders et al., 2015). Further, CNVs in probands affect a larger number of genes, 

altering gene dosage of multiple genes. Consistent with the Carter Effect, female probands 

carry more de novo CNVs than male probands (Sanders et al., 2015). In addition, the number 

of de novo CNVs is significantly associated with lower IQ, a finding that has been replicated 
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in multiple studies (Leppa et al., 2016; Levy et al., 2011). Overall, de novo CNVs are thought 

to contribute a significant proportion of the risk in autism, with 5 ï 15% of individuals with 

autism carrying a de novo CNVs compared only 1 ï 2% in the general population (Geschwind 

& State, 2015). While several CNVs have been identified, it has been challenging to identify 

CNVs at genome-wide significance due to the difference in lengths and number of genes 

affected by different CNVs at the same locus. By investigating de novo CNVs in multiple large 

cohorts, Sanders and colleagues identified 6 risk loci: 1q21.1, 3q29, 7q11.23, 16p11.2, 

15q11.2-13, and 22q11.2 (Sanders et al., 2015). 

In parallel, studies have also identified a prominent role for de novo putative loss-of-

function mutations in autism. Though de novo loss-of-function mutations have large effect 

sizes in comparison to common variants, their relative rarity in the population in addition to 

the genetic heterogeneity in the population makes it difficult to identify genes at a genome-

wide significant threshold. Considerable advances have been made in identifying high 

confidence genes in autism using next-generation sequencing in largely simplex families (trios 

or quads with one affected proband), and there has been convergence on key findings (De 

Rubeis et al., 2014; Iossifov et al., 2014; Neale et al., 2012; OôRoak et al., 2012; Samocha et 

al., 2014; Sanders et al., 2015).  

Similar to de novo CNVs, de novo loss-of-function mutations are enriched in probands 

compared to controls in simplex families. Female probands are likely to harbour more de novo 

loss-of-function mutations than male probands, which is in line with the Carter Effect. These 

mutations are also associated with lower IQ and more severe autistic phenotypes. It is also clear 

that the number of these mutations increases with paternal age, likely because spermatogonia 

undergo more active mitosis to produce sperm cells. Finally, these studies have also identified 

that de novo missense mutations and inherited loss of function mutations show smaller effects 

in comparison to de novo loss-of-function mutations.  

Recent efforts have integrated data from multiple sources in order to identify genes that are 

frequently mutated. Sanders and colleagues (Sanders et al., 2015) identified 65 high confidence 

genes (false discovery rate < 0.1), though it is estimated that between 450 ï 1,000 such genes 

may be involved in autism (Geschwind & State, 2015). Two recent studies have expanded and 

refined this list of genes by using different methods. Yuen and colleagues performed whole-

genome sequencing on multiplex autism families, and identified 18 additional genes (Yuen et 

al. 2015; Yuen et al. 2017). In parallel, Kosmicki and colleagues utilized genetic data from a 
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large-scale population resource ï the Exome Aggregation Consortium (Lek et al., 2016) ï to 

identify which de novo variants are not observed in the general population (Kosmicki et al., 

2017).  

Partly due to the families sequenced and partly due to the underlying genetic architecture, 

many of the genes and CNVs identified are not unique to autism. Indeed, several of these genes 

are also seen in conditions such as intellectual disability (ID) and schizophrenia (Geschwind & 

Flint, 2015), a feature that is also shared by CNVs identified in autism and common genetic 

variation. This shared pleiotropy between autism, intellectual disability and schizophrenia, 

among other conditions, suggests that a combination of different genetic and environmental 

effects shape the disease-specific mechanisms. Investigation of transcriptomic signatures of 

autism and intellectual disability has identified distinct biological networks that contribute to 

ID and autism (Parikshak et al., 2013).  

The use of large-scale data has also allowed for convergence in identifying pathways, 

particularly synaptic function, chromatin remodelling and downstream targets of FMR1, 

MECP2, and CHD8 (Bourgeron, 2015; Pinto et al., 2014). Several of the genes identified are 

associated with post-synaptic density, and many of the mutations are thought to affect synapse 

formation and plasticity, both during child development and in adulthood (Bourgeron, 2015). 

Functional studies using post-mortem brain tissue, and animal models, have identified altered 

synaptic development and pruning (Tang et al., 2014; Zoghbi & Bear, 2012).  

 

1.5 Transcriptional dysregulation in autism 

As autism is a neurodevelopmental condition, studies have also sought to investigate 

alterations in gene expression directly in the developing brain. Parikshak and colleagues 

(Parikshak et al., 2013) and Willsey and colleagues (Willsey et al., 2013) both used 

transcriptomic data from developing cortical tissues to identify if genetic risk for autism shows 

spatio-temporal convergence, using different methods. Willsey and colleagues constructed 

gene co-expression network using high-confidence autism genes as seed genes, and 

investigated the enrichment for probable autism genes across multiple temporal and spatial 

windows. They identified enrichment for probable autism genes in the mid-fetal prefrontal and 

the primary motor-somatosensory cortex. Further, by investigating layer-specific gene 

expression, they were able to identify enrichment in the cortical innerplate in the mid-fetal 

prefrontal and primary motor-somatosensory cortices.  
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Parikshak and colleagues (Parikshak et al., 2013) used a different approach to investigate 

convergence of genetic risk in autism in the developing brain. Using whole-genome 

transcriptome data, they constructed weighted gene co-expression networks agnostic of 

relationship to candidate genes in autism and followed their expression trajectories across 

developmental time. They identified three gene co-expression modules that were enriched for 

autism candidate genes, and transcriptionally dysregulated genes in autism. Interestingly, rare 

de novo variants were enriched in two different co-expression modules, suggesting that 

transcriptional dysregulation and rare de novo variants represent distinct mechanisms of risk in 

autism. Layer specific enrichment analyses identified significant enrichment with the inner 

cortical plate in the developing brain.  

A few studies have also investigated gene dysregulation in adult cortical and subcortical 

tissues, by systematically identifying differentially expressed genes in the autism post-mortem 

brains compared to control post-mortem brains (Gupta et al., 2014; Parikshak et al., 2016; 

Voineagu et al., 2011). These studies have identified several important results. First, cortical 

gene expression can help to separate the transcriptomes of autistic individuals from population 

controls. Second, these studies have been able to identify differentially expressed genes (both 

upregulated and downregulated) in autism cortex compared to control cortex, though analyses 

of the autism cerebellum in comparison to the control cerebellum have not been forthcoming.  

These differences are likely to extend to other cortical and subcortical regions. For example, 

there is evidence that typical differences in gene expression in the frontal and temporal cortices 

are altered in autism (Parikshak et al., 2016). Third, there is replicable evidence to suggest that 

differentially downregulated genes are associated with neuronal and synaptic pathways, 

whereas upregulated genes are associated with glial (microglia and astrocytes in particular) and 

immune-related pathways (Parikshak et al., 2016; Voineagu et al., 2011).  

Integrative transcriptome analyses have also identified similarities and differences across 

multiple psychiatric conditions. A meta-analysis of gene-expression microarray data across 

cortical transcriptional datasets has revealed overlapping neuropathology between autism and 

psychiatric conditions such as schizophrenia, bipolar disorder and major depression (Gandal et 

al., 2016). The correlation between transcriptional dysregulation between these conditions 

parallels the genetic correlation identified using GWAS data. This shared pathophysiology was 

replicated using RNA sequencing data. Another study provided independent evidence for the 

shared pathophysiology between autism and schizophrenia, by significant and correlation of 
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the transcriptional dysregulation between the two conditions (Ellis, Panitch, West, & Arking, 

2016).   

1.6 The role of common genetic variants in autism  

There have been a few GWAS of autism, with limited success. The first study, by Wang 

and colleagues (Kai Wang et al., 2009) investigated 780 families initially and a second cohort 

of 1,453 autistic individuals and 7,070 controls. Meta-analysis of the two cohorts identified 

one locus at 5p14.1 that was significant (P < 5 x 10-8). This intergenic locus was located 

between two cadherin genes (CDH10 and CDH9) that are involved in diverse neural functions 

and contain a unique calcium binding domain. They replicated the locus in two smaller, 

independent cohorts. Interestingly, this region was also implicated in another genetic 

association study that used data from 438 autistic families (Ma et al., 2009). SNPs in 5p14.1 

were nominally significant (P < 0.05) though it did not reach genome-wide significance.  

Despite these early success, subsequent studies have not been able to replicate association 

at 5p14.1 at a genome-wide association level, leading to the conclusion that these early studies 

were statistically underpowered and the effect size inflated due to winnerôs curse (or regression 

to the mean, where the effect size that are most likely to cross the threshold of significance are 

likely to be inflated when the statistical power is limited).  

Four further studies have reported significant association results. In 2009, Weiss, Arking 

and colleagues (Weiss et al., 2009) used data from multiple different cohorts and meta-analysed 

results from transmission disequilibrium tests and association studies to identify one SNP that 

was significant at 5p15.2 between genes SEMA5A and TAS2R1. However, the P-value 

threshold used for significance was not the traditional GWAS threshold of 5x10-8, but a more 

liberal threshold of 2.5x10-7, identified using permutation and after accounting for LD. Another 

study by Anney and colleagues (Anney et al., 2010) divided participants into four groups along 

two axes: one on ethnicity (primary European ancestry vs. all ancestry), and one on diagnosis 

(strict autism vs. inclusive spectrum). They identified an intronic SNP in MACROD2 that was 

associated with strict autism below a genome-wide threshold. A further study conducted a 

cross-ethnic meta-analysis (European ancestry and Chinese ancestry) to identify variants 

associated with autism. Meta-analysis identified common variants at the 1p13.2 locus 

associated with autism. Interestingly, 1p13.2 has been previously been linked to autism in 

linkage studies (Xia et al., 2014). Recently, work from the Psychiatric Genomics Consortium 

using genetic data on more than 16,000 individuals identified an association at 10q24.32 
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(rs1409313, P = 1.05 Ĭ 10ī8) (The Autism Spectrum Disorders Working Group of The 

Psychiatric Genomics Consortium, 2017). 

Despite the general lack of replicably associated loci, there is considerable evidence for a 

role of common genetic variants, en masse, identified using different SNP heritability 

measures. Using data from simplex (only one individual with an autism diagnosis) and 

multiplex families (at least two individuals with an autism diagnosis in the family), Klei and 

colleagues (Klei et al., 2012) have identified a narrow-sense heritability between 40 ï 65% for 

autism. The heritability was higher for multiplex families (65%) than for simplex families 

(~40%), consistent with the observation of higher number of de novo loss-of-function 

mutations in simplex probands than in the general population (Iossifov et al., 2014; Kosmicki 

et al., 2017; Sanders et al., 2015).  

This estimate of narrow-sense heritability was confirmed by another study that suggested 

that the majority of the genetic risk for autism is attributable to common variants (Gaugler et 

al., 2014). The same study identified that de novo loss-of-function mutations contributed to 

~3% of the variance, but explained a significant proportion of individual liability. Summing up 

the contribution from different classes of genetic risk, genetic variants explained approximately 

about 60% of the total variance (Gaugler et al., 2014). The limited success in identifying 

significant loci despite the considerable SNP heritability may be due to multiple reasons, 

including low per-SNP effect size coupled with the high polygenicity of the condition, and the 

considerable phenotypic heterogeneity.  

Other studies have tried to investigate the genetics of specific subtypes of autism. Two 

studies have investigated the genetics of Asperger Syndrome, a subtype of autism where 

individuals have average or above average intellectual ability and preserved language. Neither 

of the studies, however, identified genome-wide significant association (Salyakina et al., 2010; 

Warrier, Chakrabarti, et al., 2015). A third study conducted family-based association analysis 

based on IQ and symptom profiles, but did not identify significant differences in heritability 

nor significant associations, possibly owing to the reduced sample size and, consequently, 

statistical power (Chaste et al., 2015). As there is considerable phenotypic differences between 

males and females, another study also investigated sex-stratified analysis, but did not find 

evidence for higher genetic risk for females with autism (Mitra et al., 2016). 
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A few studies have also investigated the genetics of traits related to autism, given the 

considerable twin heritability of autistic and related social traits. Two studies have investigated 

the genetics of social communication in children. Using data from a longitudinal cohort 

(ALSPAC), St. Pourcain and colleagues investigated the SNP heritability of social-

communication difficulties using the Childrenôs Communication Checklist (CCC) and the 

Social-Communication Disorders Checklist (SCDC) (St Pourcain et al., 2013, 2014).  Both 

phenotypes were modestly heritable, with a SNP-heritability estimate of the 0.18 for the CCC 

derived phenotype and SNP heritability estimates ranging from 0.08 to 0.45 for the SCDC 

across different ages. Our work, reported in Chapters 3 - 7 has also identified significant SNP 

heritabilities for traits related to autism. For example, measures of empathy (cognitive and self-

report) had significant SNP heritabilities of between 0.05 - 0.12.  

Development in statistical methods has also allowed for the interrogation of SNP co-

heritabilities (or genetic correlations) between autism and different phenotypes.  Work by 

Robinson, St. Pourcain and colleagues identified a significant and replicable genetic correlation 

between clinically diagnosed autism and the broader autism phenotype measured using the 

SCDC (rg ~ 0.30) (Robinson et al., 2016).  However, this was dependent on the age at which 

the SCDC was completed by individuals, with the highest genetic correlation in childhood, 

which declined with age (St Pourcain et al., 2017). Further, the SCDC measures only social 

aspects of autism and hence, is not necessarily representative of autistic traits. The limited 

sample size (n ~ 5000) for the SCDC GWAS study ensures that the correlation is only 

significant if the intercept is constrained in the LD score regression to 1, which minimizes the 

standard errors of the correlation. Thus, this study needs to be interpreted cautiously. In 

Chapter 6, I report a significant, negative, and replicable genetic correlation between two 

measures of social satisfaction (family relationship satisfaction and friendship satisfaction) 

with two large-scale GWAS of autism. 

In parallel, genetic correlation analyses have also investigated the shared genetics between 

autism and non-social traits. The most interesting of these is the consistent positive genetic 

correlation between autism and different measures of cognition including educational 

attainment, childhood and adult cognition, and number of college years (Bulik-Sullivan, 

Finucane, et al., 2015; Clarke et al., 2015; Sniekers et al., 2017). This is in contrast to other 

psychiatric conditions, notably, schizophrenia and bipolar disorder, where the correlation with 

different measures of cognition including educational attainment is neither consistently 

significant nor in the same direction. In addition, in Chapters 7, I report significant, positive 
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and replicable correlation between systemizing (an interest in rule-based systems) that persists 

after conditioning on the genetic contribution to educational attainment.  

The positive genetic correlation between measures of cognition and autism, is in contrast 

with several studies that have identified a significant co-morbidity and intellectual disability 

(Lai et al., 2013). There is some epidemiological and genetic evidence of different genetic 

architecture of autism with vs. without intellectual disability (Robinson et al. 2014). Whilst 

common genetic variants that contribute to autism risk are positively genetically correlated 

with measures of cognition, there is an enrichment for de novo loss-of-function mutations in 

individuals with autism and intellectual disability. A recent study, however, did not identify a 

difference in polygenic transmission for autism or educational attainment genetic scores 

between individuals with autism with vs. without ID, providing support for a two-hit model 

(wherein a de novo loss-of-function mutation in combination with a background of genetic risk 

predisposes an individual to autism as opposed to a de novo loss-of-function mutation alone) 

(Weiner et al., 2017). Interestingly, a recent study has identified that common genetic variants 

associated with different signatures of positive evolutionary selection in humans are enriched 

in autism, and this may possibly linked to the underlying pleiotropy with different measures of 

cognition (Polimanti & Gelernter, 2017) .  

The current genetic correlation results are limited by the sample size and the effect 

statistical power of the autism GWAS analysis. Work from the Psychiatric Genomics 

Consortium (Grove et al., 2018) using a larger autism GWAS sample has identified several 

additional significant correlations including with other psychiatric conditions.  

It is clear that a considerable proportion of the risk for autism lies in common genetic 

variants. It is also clear that current genome-wide association studies for autism have had 

limited success. Some of it can be attributable to high polygenicity and very low effect sizes, 

which would indicate that despite the high familial and twin heritability, large sample sizes 

would be needed to detect significant associations. A different strategy would be to think of 

autism as a condition existing on multiple different Gaussian liability models. Genetic risk for 

the condition would not emerge from one underlying liability, but multiple different liability 

models. This approach would allow for investigation of dimensional traits as espoused by the 

Research Domain Criteria (RDoC), and may also help surmount the challenges posed by the 

immense underlying heterogeneity in the condition. 
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 Chapters 3 ï 7 of this thesis investigate this by investigating the genetics of multiple 

different traits that are related to autism. Here, we draw the distinction between traits related to 

autism and autistic traits. The former is a collection of traits that can be thought to be normally 

distributed in the general population. Autistic individuals, on average, lie several standard 

deviations away from the mean on these traits. The latter is simply the underlying latent risk 

model of autism and can, for all practical purposes, be thought of as a single Gaussian. There 

are merits to investigating both approaches. The current thesis deals with the former. However, 

we are in the process of investigating the latter in the UK Biobank and other cohorts.  

 My investigations centre around social and non-social traits related to autism. Chapters 

3 - 6 are genome-wide association studies of social traits related to autism: self-reported 

empathy, cognitive empathy, theory of mind in adolescence, and social relationship satisfaction 

(measured using two different scales ï family relationship satisfaction and friendship 

satisfaction). In Chapter 7, I investigate the genetic correlates of a non-social trait associated 

with autism: Systemizing, which is an interest in systems. In all these chapters, we investigate 

three central questions: 1. What is the contribution of common genetic variants to the 

phenotype investigated? 2. What is the genetic correlation between the phenotype investigated 

and autism, other psychiatric conditions, and related psychological traits? and 3. What are the 

tissues, pathways, and gene sets that are enriched for association with the phenotype being 

tested?  

 The sample sizes for these phenotypes are varied. The smallest study is conducted in a 

sample size of less than 5,000 13-year olds (Chapter 5). The advantage of this study is that we 

can investigate age-specific contributions to theory of mind as measured using a fairly detailed 

phenotyping test. The largest study has an effective sample size of approximately 150,000 

individuals from the UK Biobank (Chapter 6). These differences in sample sizes are reflected 

in the results. Overall, the main results for these studies are as follows. First, as expected, all 

the phenotypes are modestly heritable. Second, we identified significant genome-wide 

associations in most of the phenotypes tested. Third, barring theory of mind and cognitive 

empathy, all the phenotypes are genetically correlated with autism in the direction predicted by 

psychometric and epidemiological studies. However, these phenotypes are not uniquely 

correlated with autism ï many of these phenotypes are also genetically correlated with other 

psychiatric conditions and psychological and cognitive phenotypes. For three of these 

phenotypes (self-reported empathy, cognitive empathy, and systemizing), we also investigated 

genetic sex differences given the modest sex differences observed in the phenotypes. The sex 
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specific architecture differed between phenotypes: whilst systemizing had the largest 

phenotypic sex difference, there was a very high genetic correlation between the sexes. In 

contrast, there was considerable evidence for a sex-specific architecture for cognitive empathy. 

Overall, our results advance the understanding of traits related to autism and I discuss how this 

can be utilized in future analyses.  
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2. Meta-analysis of candidate gene association studies in autism  

2.1 Introduction 

 Twin studies of autism have identified a heritability of between 50 to 90% (Bourgeron, 

2016; Colvert et al., 2015), making a strong case for the role of genetics in the aetiology of the 

condition. Common genetic variants contribute to a significant proportion of the risk (Gaugler 

et al., 2014; Klei et al., 2012).  Several different study designs have been used to identify 

common variants implicated in autism including genome-wide association studies (GWAS) 

and candidate gene association studies. Strategies to identify common variants through GWAS 

have thus far had limited success in identifying consistent, replicable loci across cohorts 

(Gratten et al., 2014). This may be attributed to many factors, including small sample sizes 

with limited power, the association model (case-pseudocontrol association is typically 

underpowered when compared to case-control in association studies (Peyrot, Boomsma, 

Penninx, & Wray, 2016), and the high genetic and phenotypic heterogeneity which makes it 

challenging to identify subtype-specific variants (Lai et al., 2013). 

Over the last two decades, several studies have investigated common genetic variants 

in candidate genes for autism, typically investigating variants in a small number of genes using 

a relatively small sample size. These studies have provided some evidence of the association 

of a few genes with autism, though they are not rigorous enough to definitively identify variants 

and results vary based on ethnicity, sample size, study methodology, and clinical ascertainment 

(OôRoak & State, 2008). One method to investigate the underlying effect using summary level 

data is meta-analysis. Though not without limitations, meta-analysis provides an excellent 

statistical framework to systematically analyse effect sizes. Further, the combined power of a 

meta-analysis greatly exceeds the power of the individual studies in a meta-analysis.  

 In the field of psychiatric genetics, studies have comprehensively investigated existing 

candidate gene studies and used meta-analysis to investigate genetic associations (Munafò et 

al., 2003; Taylor, 2013, 2016; Z. Wang et al., 2014). In the field of autism genetics, such an 

overarching study is lacking. To bridge this gap, we reviewed the existing literature for 552 

genes implicated in autism. Using strict inclusion criteria, we identified common variants in 27 

genes that were investigated in three or more independent cohorts. We performed meta-

analyses, sensitivity analyses and subgroup analyses for these common variants and checked 

for publication bias in a subset of these common variants.  
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2.2 Methods 

2.2.1 Li terature search and inclusion criteria 

 A preliminary literature search of genes associated with autism was performed using 

SFARI gene (https://gene.sfari.org/) and HuGE Navigator (http://hugenavigator.net/). Since 

both these databases do not completely document the available literature, we additionally 

searched Pubmed, Scopus, and Google Scholar. The search terms used were: 'Gene name' or 

'variant ID' and 'Autism' or 'Autistic Disorder' or 'Asperger Syndrome'.  

 Studies were included in the meta-analysis if: 1) they reported effect sizes or statistics 

to measure effect sizes and confidence intervals; 2) the studies were either a case-control 

association study or a transmission disequilibrium study of autism; 3) the variants did not 

deviate from Hardy-Weinberg Equilibrium (HWE) in the control group or if the sample size 

was too small to effectively calculate HWE due to sampling effect. Though we checked for 

HWE in family-based studies, this was not a requirement for including these studies as the 

study design overcomes the issue of population stratification; 4) cases had a diagnosis of autism 

(Autism, Pervasive Developmental Disorders Not Otherwise Specified, Asperger Syndrome) 

according to DSM-IV, DSM-5, or ICD-10 criteria; 5) the global minor allele frequency (MAF) 

of the variant investigated was greater than 0.01; 6) the studies were reported in English; and 

7) the common variants were investigated in independent cohorts. Authors of the articles were 

contacted if sufficient information was unavailable to use the data for meta-analysis. We did 

not include data from GWAS as there is an overlap between participants in the candidate gene 

association studies and the genome-wide association studies. Since we had access to only 

summary data, it was impossible to ascertain the degree of overlap and remove participants 

accordingly. Literature search and study inclusion was performed from March 2014 to 

September 2014. 

 

2.2.2 Cohorts from the Autism Research Centre 

In addition to the published studies, we used unpublished genotype data from two 

cohorts from our research group at the Autism Research Centre, University of Cambridge. 

These cohorts are labelled 'Chakrabarti 2009 (Cohort 1)' and 'Warrier 2014 (Cohort 2)' in the 

current study.  

Cohort 1 consists of 349 controls (143 males and 206 females) without an autism 

diagnosis and were recruited using an advertisement. There were 174 cases (140 males and 34 

females). Cases were diagnosed with autism by independent clinicians using DSM-IV (DSM- 
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(IV, 1994) or ICD 10 criteria (World Health Organization, 1992). The following SNPs used 

included in the study were genotyped and analysed previously (Chakrabarti et al., 2009): 

rs37356353 and rs1861972 in EN2; rs6265 in BDNF, rs10951145 in HOXA1; rs237885 and 

rs2228485 in OXTR. Additionally, for this study, we genotyped the following SNPs: rs4717806 

in STX1A; rs736707 in RELN, rs2056202 in SLC25A12; rs53576, rs2254298, rs2268493, 

rs2268490, rs237894, and rs2301261 in OXTR.  

Cohort 2 consists of 118 cases (74 males and 44 females) and 412 controls. Cases were 

diagnosed with autism by independent clinicians based on DSM-IV or ICD 10 criteria. Select 

SNPs in three genes, namely OXTR, SLC25A12, GABRB3, and STX1A were genotyped, 

analysed and reported previously (Di Napoli, Warrier, Baron-Cohen, & Chakrabarti, 2014; 

Durdiaková, Warrier, Banerjee-Basu, Baron-Cohen, & Chakrabarti, 2014; Durdiaková, 

Warrier, Baron-Cohen, & Chakrabarti, 2014; Warrier, Baron-Cohen, & Chakrabarti, 2013). 

SNPs from these genes analysed in this study have been referenced accordingly. In addition, 

we also genotyped rs1861972 in EN2 and rs736707 in RELN. All participants reported 

Caucasian ancestry for at least three generations. DNA was extracted from buccal swabs. 

Genotyping was performed using TaqMan® SNP genotyping assays, Applied Biosystems Inc., 

CA. No SNP showed a significant deviation from HWE. Allelic association study was 

performed using Plink v1.07 (Purcell et al., 2007). 

2.2.3 Statistical analyses 

 Meta-analysis was performed only if variants were investigated in three or more 

independent cohorts. Family Based Association Tests (FBATs) studies were not included as 

effect sizes are not calculated in FBAT. For variants investigated in five or more independent 

cohorts, we performed a complete meta-analysis. This included the calculation of effect size 

and, additionally, publication bias, sensitivity analysis, and subgroup analysis. For variants 

investigated in three to five independent cohorts, analysis was restricted to the calculation of 

mean effect size. We did not perform a meta-analysis for variants investigated in fewer than 

three cohorts as there was insufficient statistical power to significantly investigate the 

underlying effect.  

 All analyses were performed using Comprehensive Meta-Analysis version 2.0 

(https://www.meta-analysis.com/).  Meta-analysis was performed using the inverse-variance 

weighted method. Heterogeneity was measured using I2 statistics in conjunction with Q-

statistics. A fixed effect model was applied if the P-value for Q-statistics was above 0.05 and 

I2 was below 60. The random effects model was used if either the P-value for Q-statistics was 
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below 0.05 or I2 was above 60, as an I2 above 60 indicates that 60% of the total observed 

variation is due to true heterogeneity (Rothstein, Borenstein, Hedges, & Higgins, 2013).  

Egger's regression in conjunction with a funnel plot was used to assess publication bias. 

Sensitivity analyses were performed by removing each study from the meta-analysis and 

calculating the mean effect size for the remaining studies. This analysis was used to assess the 

contribution of each study to the final weighted effect in the analysis. Additionally, for the 

variants with P-values < 0.05, we computed both Classic Fail-Safe N and Orwinôs Fail-safe N, 

to check the number of studies required to make the P-value nonsignificant and make the effect 

size trivial respectively. For Orwinôs Fail-safe N, the non-significant odds ratio (OR) was kept 

at 1.05 for the risk increasing allele. While this is certainly not a trivial effect size, it is difficult 

to identify variants with such small effects with precision given the sample sizes in the present 

meta-analysis.  Subgroup analysis was performed after stratifying based on ethnicity or study 

methodology to check if either of these variables affected the final effect size. We conducted 

subgroup analysis only for variants investigated in five or more independent cohorts.  

 OR and 95% confidence intervals (CI) were used to calculate the mean effect size. For 

Transmission Disequilibrium Tests (TDT), odds ratios were calculated according to methods 

laid out by Kazeem and Farall (2005) (Kazeem & Farrall, 2005). Where possible, OR and CI 

were calculated using allele numbers for case-controls (CC) and transmitted and non-

transmitted numbers for TDT. Where information of OR and CI was provided for the 

complement allele of the allele investigated in the study, the log odds ratio (LOR) and standard 

error (SE) were calculated and used in the meta-analysis.  

 Age was not regarded a confounding variable as autism is a neurodevelopmental 

condition and genetic variations are largely invariant across lifespan. However, autism has a 

male-female ratio of between 3:1 and  5:1 (Lai et al., 2013), and sex is a potential confounding 

variable as gene expressions can vary based on sex.  However, there was insufficient data to 

conduct a stratified analysis based on sex, so this is a limitation of the current study. Finally, 

due to the large number of studies carried out in multiple different cohorts, we adopted a more 

conservative statistical significance threshold of 0.01. This is similar to what was used in a 

similar comprehensive meta-analysis of obsessive compulsive disorder (Taylor, 2013). We did 

not carry out a Bonferroni correction as each variant was investigated in different samples, and 

as a result, multiple tests were not carried out on the same sample.  
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2.2.4 Analysis of the PGC dataset 

 While we did not choose to include data from available GWAS due to potential overlap 

of participants, we compared the results using the publicly available GWAS dataset from the 

Psychiatric Genomics Consortium (PGC) (http://www.med.unc.edu/pgc/results-and-

downloads). 4788 trio cases and 4788 trio pseudocontrols as well as 161 cases and 526 controls 

have been genotyped in the autism cohort of the PGC dataset (Cross-Disorder Group of the 

Psychiatric Genomics Consortium, 2013). Genetic variants with P < 0.05 in the meta-analysis 

were investigated in the PGC dataset.  

2.3 Results  

2.3.1 Literature review 

 We identified 463 genes that have been tested for genetic association using HuGE 

Navigator (as of August 2014). SFARI Gene reports 616 genes to be associated with autism 

(as of August 2014). Only 185 of these genes have been examined in autism using genetic 

association studies.  Of these, we identified 89 genes from the SFARI Gene list that were not 

included in the HuGE Navigator list, bringing the total list of potential genes to 552. We did 

not identify any additional genes from AutismKB database. Thus, we reviewed 552 genes in 

total for the meta-analysis.  

 Scopus, Google Scholar and Pubmed were searched for publications relating to autism 

and any of the 552 genes. We searched for common variations in these genes that have been 

investigated for autism in at least three independent cohorts. Using the eligibility criteria 

outlined in the methods section, we identified 27 genes that could be taken forward for meta-

analysis. In total, there were 58 common variants across these 27 genes that were investigated 

in this meta-analysis. Details of the studies included and excluded for the 27 genes are given 

in Appendix Tables 1 and 2.  

 We next searched the literature for existing meta-analyses for the 58 variants and 27 

genes in autism, identifying existing meta-analyses for OXTR (LoParo & Waldman, 2015), 

RELN (Z. Wang et al., 2014), SLC6A4 (Huang & Santangelo, 2008), HOXA1 (R.-R. Song et 

al., 2011), HOXB1 (R.-R. Song et al., 2011) and MTHFR (Pu, Shen, & Wu, 2013).   As we had 

additional data and different inclusion criteria, we performed meta-analyses for all the variants 

in these six genes except rs723387731 in HOXB1, STin2 VNTR in SLC6A4, and the GGC 

repeat in RELN. These three variants were excluded from the current meta-analyses as we could 

not identify additional data to add to the original meta-analyses. Detailed information about 

previous meta-analysis is provided later in the Results. For the sake of comprehensiveness, we 
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have included the data for these three variants in Table 1 and 2. Of the remaining 55 variants, 

we conducted a complete meta-analysis for 20 variants and a partial meta-analysis for 35 

variants. A flow chart of the study protocol is given in Figure 1.  

Figure 1: Schematic diagram of the study protocol 

 

The literature review was followed by an identification of candidate SNPs. Where the SNPs 

were investigated in 5 or more independent cohorts, a full meta-analysis was conducted which 

included sensitivity analysis, publication bias investigation and stratified analysis. Where the 

SNPs were investigated in 3 ï 5 independent cohorts, only a meta-analysis was conducted. 

Where the SNPs were investigated in fewer than 3 independent cohorts, the SNP was omitted 

from the current study.  

 

2.3.2 Mean effect sizes 

 Effect sizes for 15 variants, in 12 genes had P < 0.05. Nine of these variants had P < 

0.01. The most significant association was rs167771 in DRD3 (OR = 1.822, P = 9.08x10-6). 

Seven other significant associations with P < 0.01 were in CNTNAP2 (rs7794745, OR= 0.887, 

P = 0.001), RELN (rs362691, OR = 0.832, P = 3.93x10-5), OXTR (rs2268491, OR = 1.31, P = 

0.004), SLC25A12 (rs2292813, OR = 1.372, P = 0.001 and rs2056202, OR = 1.227, P = 0.002) 

EN2 (rs1861972, OR = 1.125, P = 0.006) and MTHFR (rs1801133, OR = 1.370, P = 0.010). As 

expected for common variants in autism, the odds ratios for the alleles tested were small and 
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lay between 0.781 (0.446 - 1.368) for MAOA uVNTR and 1.822 (1.398-2.375) for DRD3 

rs167771. Details of the variants analysed, model used and the P-values are provided in Tables 

1 and 2.  Forest plots for the nine most significant variants are in Figures 2 ï 9. 

Figure 2: Forest plot for rs7794745 (CNTNAP2) 

 

 

Figure 3: Forest plot for rs167771 (DRD3) 

 

 

 

 

 

 

Study name Subgroup within study Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Li 2010 TDT 0.919 0.677 1.247 -0.545 0.586

Toma 2013 CC 0.756 0.567 1.006 -1.917 0.055

Sampath 2013 NIMH TDT 0.841 0.757 0.935 -3.210 0.001

Sampath 2013 SSC TDT 0.944 0.854 1.042 -1.141 0.254

0.887 0.828 0.950 -3.445 0.001

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Krom 2009 A 1.884 1.348 2.633 3.708 0.000

Krom 2009 B 2.247 1.372 3.680 3.218 0.001

Toma 2013 0.700 0.282 1.734 -0.771 0.441

1.822 1.398 2.375 4.438 0.000

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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Figure 4: Forest plot for rs362691 (RELN) 

 

 

Figure 5: Forest plot for rs2268491 (OXTR) 

 

 

 

Study name Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Sharma 2013 (Black) 1.060 0.372 3.023 0.109 0.913

Sharma 2013 (White) 0.590 0.220 1.581 -1.049 0.294

Sharma 2013 (Mixed) 0.740 0.311 1.758 -0.682 0.495

He 2011 1.405 0.793 2.490 1.164 0.244

Dutta 2008 0.810 0.432 1.518 -0.658 0.511

Li 2008 0.850 0.773 0.934 -3.374 0.001

Bonora 2003 0.800 0.413 1.550 -0.661 0.509

Serajee 2006 0.520 0.360 0.751 -3.492 0.000

0.832 0.763 0.908 -4.112 0.000

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Study name Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Liu et al., 2010 1.405 1.112 1.775 2.850 0.004

Tansey et al., 2010 Irish 1.410 0.860 2.311 1.363 0.173

Tansey et al., 2010 Portuguese 1.020 0.678 1.535 0.095 0.924

Tansey et al., 2010 UCL 1.250 0.588 2.659 0.579 0.562

1.310 1.092 1.572 2.906 0.004

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis
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Figure 6: Forest plot for rs2292813 (SLC25A12) 

 

 

Figure 7: Forest plot for rs2056202 (SLC25A12) 

 

 

 

 

Study name Subgroup within study Outcome Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Ramoz 2004 Egyptian TDT 1.459 1.107 1.922 2.682 0.007

Segurado 2005 Irish TDT 1.889 1.067 3.344 2.182 0.029

Blasi 2006 Caucasian TDT 1.280 0.884 1.853 1.308 0.191

Chien 2010 Chinese Case-control 1.293 0.950 1.758 1.636 0.102

Palmieri 2010 Italian Case-control 1.182 0.472 2.958 0.357 0.721

Prandini 2012 Italian TDT 0.710 0.213 2.364 -0.558 0.577

1.373 1.162 1.622 3.722 0.000

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Study name Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Ramoz 2004 1.394 1.119 1.736 2.968 0.003

Segurado 2005 1.840 1.131 2.994 2.454 0.014

Blasi 2006 1.125 0.832 1.520 0.767 0.443

Correira 2006 1.031 0.532 1.998 0.090 0.928

Chakrabarti 2009 1.112 0.739 1.672 0.510 0.610

Chien 2010 1.093 0.824 1.450 0.619 0.536

Palmieri 2010 1.361 0.584 3.170 0.713 0.476

Durdiakova 2014 0.760 0.393 1.470 -0.815 0.415

1.227 1.079 1.396 3.123 0.002

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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Figure 8: Forest plot for rs1801133 (MTHFR ) 

 

 

 

Figure 9: Forest plot for rs1861972 (EN2) 

 

 

 

Study name Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Boris 2004 2.252 1.811 2.799 7.307 0.000

James 2006 1.243 0.962 1.606 1.666 0.096

Mohammad 2009 2.790 1.579 4.928 3.535 0.000

Pasca 2009 1.179 0.553 2.510 0.426 0.670

dos Santo 2010 1.150 0.789 1.676 0.727 0.467

Liu 2011 1.148 0.980 1.343 1.714 0.086

Schmidt 2011 0.853 0.649 1.121 -1.140 0.254

Guo 2012 1.303 0.961 1.767 1.703 0.089

Divyakolu 2013 3.632 1.543 8.547 2.953 0.003

Park 2014 0.966 0.772 1.208 -0.307 0.759

1.370 1.079 1.739 2.589 0.010

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Study name Subgroup within study Statistics with study removed Odds ratio (95% CI) with study removed

Lower Upper 
Point limit limit Z-Value p-Value

Yang 2008 Case-control 1.111 1.020 1.209 2.410 0.016

Yang 2010 Case-control 1.114 1.023 1.214 2.488 0.013

Benayed 2005 AGRE II TDT 1.169 1.039 1.315 2.596 0.009

Benayed 2005 NIMH TDT 1.130 1.029 1.241 2.558 0.011

Gharani 2004 TDT 1.099 1.008 1.197 2.146 0.032

Chakrabarti 2009 Case-control 1.153 1.057 1.258 3.197 0.001

Warrier 2014 Case-control 1.126 1.032 1.228 2.676 0.007

Prandini 2012 TDT 1.125 1.032 1.226 2.673 0.008

1.125 1.035 1.224 2.758 0.006

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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Table 1: Mean effect and 95% confidence intervals for all SNPs with P < 0.01 

Gene Variant  Allele MAF  N OR (95% CI) P 
Model 

(I 2) 

N, 

cases 

N, 

controls 
Trios 

PGC 

P 

Effect 

direction 

(OR) 

Classic 

N 

Orwin's 

N 

DRD3 rs167771 G vs A G=0.41 3 1.82 (1.39-2.37) 9.08E-06 F (60) 580 754 0 0.59 D (0.98) 7 34 

RELN rs362691 C vs G C=0.12 8 0.83 (0.76-0.90) 3.93E-05 F (33) 765 765 303 NA NA 12 21 

SLC25A12 rs2292813 C vs T T=0.20 6 1.37 (1.16-1.62) 1.97E-04 F (0) 465 450 1220 0.77 C (1.01) 5 25 

CNTNAP2 rs7794745 A vs T A=0.49 4 0.88 (0.82-0.95) 0.001 F (21) 322 524 2236 0.17 C (0.95) 9 6 

SLC25A12 rs2056202 T vs C T=0.24 8 1.22 (1.07 -1.39) 0.002 F (6) 756 1211 1220 0.98 D (0.99) 6 26 

OXTR rs2268491 T vs C T=0.21 4 1.31 (1.09 -1.57) 0.004 F (0) 282 440 458 0.54 C (1.02) 3 19 

EN2 rs1861972 A vs G G=0.24 8 1.12 (1.03-1.22) 0.006 F (58) 669 1704 953 NA NA 16 12 

MTHFR rs1801133 T vs C A=0.24 10 1.37 (1.07-1.73) 0.01 R (88) 2280 7235 0 0.57 C (1.01) 80 40 

ASMT  rs4446909  G vs A   5 1.19 (1.03 -1.37) 0.013 F (0) 1066 1074 0 NA NA 3 14 

MET rs38845 A vs G A=0.36 3 1.32 (1.01-1.72) 0.016 R (66) 405 594 419 0.2 C (1.04) 13 15 

SLC6A4 rs2020936 T vs C G=0.22 4 1.24 (1.03 - 1.49) 0.019 F (34) 0 0 1068 0.78 C (1.01) 3 14 

STX1A rs4717806 A vs T A=0.23 4 0.85 (0.74 - 0.97) 0.023 F (35) 653 1007 375 NA NA 0 9 

RELN rs736707 T vs C G=0.36 9 1.26 (1.03 - 1.56) 0.025 R (77) 975 1695 196 0.31 C (1.03) 126 48 

PON1 rs662  A vs G T=0.45 3 0.79 (0.64 - 0.98) 0.034 F (18) 334 641 0 0.06 D (1.05) 0 11 

OXTR rs237887  G vs A G=0.39 4 1.16 (1.00 - 1.34) 0.047 F (0) 282 440 458 0.93 C (1.00) 0 9 

Table 1 provides the odds ratio (OR) and 95% confidence interval (CI) of the meta-analysis, the total number of independent studies analysing 

the SNP (N), the allele investigated, the global minor allele frequency of the SNPs investigated (MAF), the model used (F = Fixed effect, R = 

Random effects), the number of cases, controls and trios, the PGC P-value, the direction of effect between the meta-analysis and the PGC study 

(C = concordant, D = discordant), Classic Fail Safe N, and Orwinôs Fail Safe N. 
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Table 2: Mean effect and standard error for SNPs with P > 0.01 

Gene Variants Allele MAF  N 
 OR (95% 

CI)  
P 

Model 

(I 2 

value) 

N, 

cases 

N, 

controls 
Trios 

STX1A rs6951030 G vs T G=0.17 4 1.3 (0.9-1.9) 0.05 R (77) 653 1007 375 

OXTR rs2268493  C vs T C=0.20 3 0.8 (0.7-1.0) 0.07 F (54) 574 1201 0 

ASMT  rs5989681  G vs C NA 5 1.1 (0.9 - 1.3) 0.08 F (0) 1066 1074 0 

HOXB1  rs72338773* INS vs nINS NA 8 1.3 (0.9-1.3) 0.11 F (NA) 362 448 238 

RELN rs2073559 C vs T C=0.47 3 0.95(0.9-1.0) 0.13 F (64) 437 493 473 

RELN GGC repeat* NA NA 7 1.1 (0.8ï1.5) 0.15 F (0) 878 1170 167 

GLO1 rs2736654 A vs C G=0.28 4 1.3 (0.8 - 1.9) 0.18 R (68) 857 680 0 

PON1 rs854560 A vs T T=0.18 3 1.1 (0.9 - 1.3) 0.2 F (0) 334 641 0 

TPH2 rs11179000 T vs A T=0.39 3 1.1 (0.9-1.3) 0.2 F (0) 224 260 352 

MET rs1858830 G vs C G=0.45 8 0.9 (0.7-1.0) 0.21 R (67) 1975 1589 798 

OXTR rs2268490  T vs C T=0.25 5 1.1 (0.9-1.4) 0.23 F (0) 292 761 458 

OXTR rs2301261  A vs G T=0.12 4 1.1 (0.8-1.4) 0.32 F (39) 650 1300 0 

HOXA1 rs10951154 G vs A C=0.21 13 0.9 (0.7-1.0) 0.32 F (36) 705 998 425 

BDNF rs6265 G vs A T=0.20 3 0.9 (0.7-1.1) 0.37 F (0) 303 469 140 

HTR2A rs6311 A vs G T=0.44 6 0.8 (0.6-1.1) 0.37 R (75) 179 313 396 

ITGB3 rs5918 C vs T C=0.08 3 0.8 (0.6-1.1) 0.37 F (37) 139 165 363 

MAOA uVNTR short vs long NA 3 0.7 (0.4 - 1.3) 0.38 R (72) 436 469 0 

MACROD2 rs4141463 T vs C C=0.38 7 0.9 (0.7-1.1) 0.41 R (87) 1170 35307 1158 

OXTR rs2254298 A vs G A=0.20 5 0.8 (0.4-1.3) 0.42 R (82) 650 1306 57 

ASMT  rs6644635  C vs T NA 4 1.0 (0.9 -1.2) 0.48 F (29) 788 819 0 

SLC6A4 rs2020942 A vs G T=0.25 3 1.06(0.8-1.2) 0.52 F (0) 0 0 678 

OMG rs11080149 A vs G T=0.04 4 0.8 (0.4 - 1.5) 0.57  F (43) 65 131 431 

ADA rs7359837 G vs A A=0.02 3 1.3 (0.4 - 4.7) 0.61 R (89) 334 445 0 
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OXTR rs237894  G vs C C=0.16 5 0.9 (0.8-1.1) 0.62 F (4) 292 761 458 

OXTR rs53576 A vs G A=0.38 5 0.9 (0.8-1.1) 0.63 F (45) 650 1300 57 

OXTR rs2268494 A vs T A=0.06 4 1.0 (0.7 -1.5) 0.67 F (0) 76 99 458 

SLC6A4 STin2 VNTR* 12 vs 9/10 NA 8 1.1 (0.8ï1.5) 0.67 R (68) 0 0 814 

NF1 GxAlu 9 vs non-9 NA 4 1.1 (0.6 - 2.0) 0.67 R (86) 262 312 0 

GRIK2 rs2227281 T vs C T=0.27 4 0.9 (0.6-1.4) 0.73 R (77) 0 0 508 

OXTR rs2268495  A vs G A=0.24 4 1.0 (0.7 - 1.4) 0.73 F (60) 282 446 458 

SHANK3 rs9616915 C vs T C=0.34 3 0.9 (0.8 - 1.1) 0.74 F (60) 340 863 308 

HTR2A rs6314 T vs G A=0.07 4 0.9 (0.6-1.3) 0.74 F (18) 103 214 370 

CNTNAP2 rs2710102 T vs C A=0.41 3 0.9 (0.9-1.0) 0.76 F (17) 322 524 2051 

OXTR rs237885 G vs T G=0.48 6 0.9 (0.8 - 1.1) 0.76 F (0) 574 1201 458 

COMT rs4680 Met vs Val  A=0.36 5 0.9 (0.8-1.1) 0.8 F (49) 814 741 35 

MTHFR rs1801131 C vs A G=0.24 6 0.9 (0.8-1.1) 0.81 R (56) 1854 6819 0 

OXTR rs1042778  G vs A T=0.41 4 1.0 (0.8-1.2) 0.83 F (0) 282 440 458 

GRIK2 rs2227283 A vs G A=0.32 4 0.96 (0.6-1.3) 0.85 R (66) 0 0 508 

EN2 rs3735653 T vs C T=0.40 4 1.0 (0.8-1.1) 0.92 F (0) 174 349 499 

NF1 GxAlu 8 vs non-8 NA 4 0.9 (0.6 - 1.6) 0.94 R (79) 262 312 0 

SLC6A4 5-HTTLPR short vs long NA 17 0.9 (0.8-1.1) 0.94 R (64) 0 0 2039 

HTR2A rs6313 T vs C A=0.44 3 1.0 (0.8-1.2) 0.94 F (0) 0 0 303 

EN2 rs1861973 T vs C T=0.24 6 1.0 (0.7-1.3) 0.97 R (80) 669 1704 681 

Table provides the odds ratio (OR) and 95% confidence intervals (CI) of the meta-analysis, the total number of independent studies analysing 

the SNP (N), the allele investigated, the global minor allele frequency of the SNPs investigated, the model used (F = Fixed effect, R = Random 

effects), the number of cases, controls and trios. *represents SNPs investigated in previous meta-analyses. 
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2.3.3 Subgroup analyses 

 We performed subgroup analyses, stratifying by ethnicity and study methodology, for 

variants originally investigated in five or more independent cohorts. In the stratified analyses, 

six variants had P < 0.05. Of these, the most significant three variants (rs2292813 and 

rs2056202 - SLC25A12, rs362691 - RELN) were also significant in the non-stratified analyses. 

Stratification did not increase the significance for these variants. A variant in EN2 (rs1861973) 

was significant after stratifying based on both ethnicity (Caucasian only) and study 

methodology (TDT). Another variant in EN2 (rs1861972) was significant after stratifying for 

study methodology (TDT). Finally, the STin2 variant in SLC6A4 also exhibited a significant 

trend in the Caucasian only subgroup. This result indicates that at least for a few variants 

implicated in autism, ethnicity and study methodology can potentially influence the outcome. 

Results of the subgroup analyses are provided in Table 3. Forest plots for the significant and 

nominally significant subgroup analyses are provided in Figures 10 ï 16.   
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Table 3: Results of the subgroup analyses 

Gene SNP Allele N Subgroup OR (95% CI) P Model 

ASMT  rs4446909  G vs A 3 Caucasian 1.1 (0.8 - 1.4) 0.31 F 

ASMT  rs5989681  G vs C 3 Caucasian 1.0 (0.8 - 1.3) 0.6 F 

COMT rs4680 A vs G 4 TDT 0.9 (0.8 - 1.1) 0.71 F 

EN2 rs1861973 T vs C 4 TDT 0.8 (0.7 - 0.9) 0.003 F 

EN2 rs1861973 T vs C 3 Caucasian 0.8 (0.8 - 0.9) 0.009 F 

EN2 rs1861972 A vs G 4 Case-control 1.1 (0.8 - 1.6) 0.26 R 

EN2 rs1861972 A vs G 4 TDT/Caucasian 1.1 (1.0 - 1.2) 0.01 F 

HOXA1 rs10951154 A vs G 6 Case-control 0.8 (0.6 - 1.1) 0.32 R 

HOXA1 rs10951154 A vs G 6 Caucasian 0.8 (0.6 - 1.1) 0.42 R 

HOXA1 rs10951154 A vs G 7 TDT 0.9 (0.7 - 1.1) 0.63 R 

HTR2A rs6311 A vs G 4 TDT 0.8 (0.6 - 1.3) 0.57 R 

HTR2A rs6311 A vs G 3 Caucasian 0.9 (0.5 - 1.5) 0.79 R 

MACROD2 rs4141463 T vs C 5 Case-control 1.0 (0.9 - 1.1) 0.47 R 

MET rs1858830 G vs C 7 Case-control 0.8 (0.7 - 1.0) 0.18 R 

MET rs1858830 G vs C 3 Italian 0.9 (0.5 - 1.4) 0.72 R 

MTHFR rs1801133 T vs C 4 Caucasian  1.3 (1.2 - 1.5) 0.06 R 

MTHFR rs1801131 C vs A 3 Caucasian  0.9 (0.7 - 1.0) 0.17 F 

OXTR rs237885 G vs T 3 Case-control 0.9 (0.8 ï 1.1) 0.51 F 

OXTR rs2268490  T vs C 3 TDT 1.2 (0.9 - 1.7) 0.1 F 

OXTR rs2254298 A vs G 4 Caucasian 0.6 (0.3 - 1.2) 0.19 F 

OXTR rs2268490  T vs C 4 Caucasian 1.1 (0.8 - 1.4) 0.36 F 

OXTR rs237885 G vs T 4 Caucasian 1.0 (0.8 - 1.2) 0.64 F 

OXTR rs237885 G vs T 3 TDT 1.0 (0.8 - 1.2) 0.69 F 

OXTR rs2254298 A vs G 4 Case-control 1.0 (0.6 - 1.5) 0.86 F 

RELN rs362691 C vs G 6 Case-control 0.8 (0.7 - 0.9)  0.001 F 

RELN rs736707 T vs C 8 Case-control 1.1 (0.9 - 1.4) 0.12 R 

RELN rs736707 T vs C 3 Caucasian 1.3 (0.8 - 2.0) 0.23 R 

SLC25A12 rs2292813 C vs T 4 TDT 1.4 (1.1- 1.7) 7.30E-04 F 

SLC25A12 rs2056202 T vs C 5 TDT 1.2 (1.0 - 1.4) 0.002 F 

SLC25A12 rs2056202 T vs C 3 Case-control 1.1 (0.8 - 1.4) 0.43 F 

SLC25A12 rs2056202 T vs C 4 Caucasian 1.0 (0.8 - 1.3) 0.45 F 

SLC6A4 5-HTTLPR short vs long  5  Caucasian 0.9 (0.6 - 1.4)  0.83 F 

SLC6A4 
STin2 

VNTR 
12 vs 9/10 4 Caucasian 1.4 (1.0 - 2.0) 0.01 F 

This table provides the results of the subgroup analyses.  Results with P  < 0.05 have been 

written in bold. 
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Figure 10: STin2 VNTR (SLC6A4), Caucasian only 

 

Figure 11: rs362691 (RELN), Case-control only 

 

 

Figure 12: rs2292813 (SLC25A12), TDT only 

 

 

Study name Subgroup within study Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Cook 1997 Caucasian 1.650 0.857 3.177 1.498 0.134

Klauk 1997 Caucasian 1.400 0.725 2.703 1.003 0.316

Maestrini 1999Caucasian 0.910 0.499 1.660 -0.307 0.759

Kim 2002 Caucasian 3.380 1.519 7.522 2.984 0.003

1.492 1.068 2.083 2.347 0.019

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Study name Method Ancestry Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Sharma 2013 (Black) Case control South African 1.060 0.372 3.023 0.109 0.913

Sharma 2013 (White) Case control South African 0.590 0.220 1.581 -1.049 0.294

Sharma 2013 (Mixed)Case control South African 0.740 0.311 1.758 -0.682 0.495

He 2011 Case control Chinese (Hans) 1.405 0.793 2.490 1.164 0.244

Dutta 2008 Case control Indian 0.810 0.432 1.518 -0.658 0.511

Li 2008 Case control Chinese (Hans) 0.850 0.773 0.934 -3.374 0.001

0.857 0.783 0.939 -3.318 0.001

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Group by
Outcome

Study name Subgroup within study Outcome Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

TDT Ramoz 2004 Egyptian TDT 1.459 1.107 1.922 2.682 0.007

TDT Segurado 2005 Irish TDT 1.889 1.067 3.344 2.182 0.029

TDT Blasi 2006 Caucasian TDT 1.280 0.884 1.853 1.308 0.191

TDT Prandini 2012 Italian TDT 0.710 0.213 2.364 -0.558 0.577

TDT 1.419 1.158 1.740 3.377 0.001

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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Figure 13: rs2056202 (SLC25A12), TDT only 

 

 

Figure 14: rs1861973 (EN2), TDT only 

 

 

Figure 15: rs1861973 (EN2), Caucasian only

 

Study name Ancestry Method Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Ramoz 2004 Egyptian TDT 1.394 1.119 1.736 2.968 0.003

Segurado 2005 Irish TDT 1.840 1.131 2.994 2.454 0.014

Blasi 2006 CaucasianTDT 1.125 0.832 1.520 0.767 0.443

Chakrabarti 2009CaucasianTDT 1.112 0.739 1.672 0.510 0.610

Durdiakova 2014CaucasianTDT 0.760 0.393 1.470 -0.815 0.415

1.275 1.097 1.482 3.173 0.002

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Study name Subgroup within study Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Sen 2010 TDT 0.568 0.333 0.970 -2.073 0.038

Gharani 2004 TDT 0.715 0.550 0.929 -2.507 0.012

Benayed 2005 AGRE II TDT 0.916 0.811 1.034 -1.419 0.156

Benayed 2005 NIMH TDT 0.893 0.741 1.076 -1.189 0.234

0.869 0.792 0.954 -2.942 0.003

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Study name Subgroup within study Statistics for each study Odds ratio and 95% CI

Odds Lower Upper 
ratio limit limit Z-Value p-Value

Gharani 2004 Caucasian 0.715 0.550 0.929 -2.507 0.012

Benayed 2005 AGRE II Caucasian 0.916 0.811 1.034 -1.419 0.156

Benayed 2005 NIMH Caucasian 0.893 0.741 1.076 -1.189 0.234

0.881 0.801 0.969 -2.620 0.009

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis
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Figure 16: rs1861972 (EN2), Caucasian only/ TDT only 

 

 

2.3.4 Publication bias and sensitivity analyses 

 Publication bias was significant only for one variant, rs2254298 in OXTR (Egger's test 

(two-tailed) P = 0.03). However, the mean effect size for the variant was not significant (P = 

0.425). Notably, sensitivity was significant for some variants.  Of the nine variants with P < 

0.01, we performed sensitivity analyses on the six variants with data from more than five 

independent cohorts (rs7794745, rs362691, rs2292813, rs2056202, rs1861972, and rs1801133). 

For rs1801133, most studies contributed approximately equally, with the exception of two 

studies (Park et al., 2014; Schmidt et al., 2011), both these studies lowered the OR. A re-

analysis of the data after removing either of the two studies decreased the P-value of the OR 

(Original P = 0.010, P after removing Park et al, 2014 = 0.006; P after removing Schmidt et al, 

2011 = 0.003). For rs2056202, the removal of data from one study (Ramoz et al., 2004) 

increased the P-value from P = 0.002 to P = 0.088. Sensitivity was not an issue for the 

remaining four variants that were significant. However, of the nominally significant variants, 

sensitivity was an issue for rs4446909, rs736707, and rs1861972. Forest graphs of the 

sensitivity analyses for these five variants are provided in Figures 17 ï 21.  

Study name Subgroup within study Statistics with study removed Odds ratio (95% CI) with study removed

Lower Upper 
Point limit limit Z-Value p-Value

Benayed 2005 AGRE II TDT 1.203 1.032 1.403 2.361 0.018

Benayed 2005 NIMH TDT 1.133 1.016 1.264 2.247 0.025

Gharani 2004 TDT 1.092 0.991 1.204 1.779 0.075

Prandini 2012 TDT 1.126 1.021 1.241 2.376 0.017

1.126 1.025 1.238 2.472 0.013

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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Figure 17: Sensitivity analysis for rs4446909 (ASMT) 

 

 

Figure 18: Sensitivity analysis for rs736707 (RELN) 

 

 

Study name Ancestry Statistics with study removed Odds ratio (95% CI) 

with study removed
Lower Upper 

Point limit limit Z-Value p-Value

Melke 2008 Mixed 1.120 0.955 1.314 1.391 0.164

Toma 2007 Finnish Caucasian 1.194 1.033 1.381 2.394 0.017

Toma 2007 Italian Caucasian 1.201 1.037 1.390 2.450 0.014

Toma 2007 IMGSAC Caucasian 1.213 1.038 1.418 2.430 0.015

Wang 2013 Chinese 1.272 1.051 1.539 2.468 0.014

1.195 1.038 1.375 2.479 0.013

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Study name Ancestry Method Statistics with study removed Odds ratio (95% CI) with study removed

Lower Upper 
Point limit limit Z-Value p-Value

Sharma 2013 (Black) South African Case control 1.297 1.036 1.623 2.268 0.023

Sharma 2013 (White) South African Case control 1.266 1.014 1.580 2.084 0.037

Sharma 2013 (Mixed)South African Case control 1.204 0.978 1.483 1.749 0.080

He 2011 Chinese (Hans) Case control 1.363 1.140 1.629 3.402 0.001

Dutta 2008 Indian Case control 1.262 1.002 1.589 1.979 0.048

Li 2008 Chinese (Hans) Case control 1.267 0.956 1.679 1.644 0.100

Serajee 2006 Caucasian TDT 1.187 0.953 1.479 1.527 0.127

Chakrabarti 2009 Caucasian Case control 1.310 1.038 1.652 2.277 0.023

Warrier 2014 Caucasian Case control 1.302 1.034 1.640 2.248 0.025

1.269 1.030 1.563 2.235 0.025

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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Figure 19: Sensitivity analysis for rs1801133 (MTHFR ) 

 

 

 

Figure 20: Sensitivity analysis for rs2056202 (SLC25A12) 

 

 

 

 

 

Study name Statistics with study removed Odds ratio (95% CI) 

with study removedLower Upper 
Point limit limit Z-Value p-Value

Boris 2004 1.229 1.019 1.483 2.153 0.031

James 2006 1.397 1.064 1.835 2.408 0.016

Mohammad 20091.288 1.017 1.632 2.098 0.036

Pasca 2009 1.385 1.079 1.777 2.558 0.011

dos Santo 2010 1.402 1.081 1.820 2.543 0.011

Liu 2011 1.422 1.064 1.900 2.382 0.017

Schmidt 2011 1.455 1.135 1.865 2.958 0.003

Guo 2012 1.386 1.062 1.809 2.399 0.016

Divyakolu 2013 1.301 1.028 1.646 2.190 0.029

Park 2014 1.441 1.110 1.872 2.741 0.006

1.370 1.079 1.739 2.589 0.010

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis

Study name Statistics with study removed Odds ratio (95% CI) 

with study removedLower Upper 
Point limit limit Z-Value p-Value

Ramoz 2004 1.148 0.980 1.346 1.708 0.088

Segurado 2005 1.191 1.042 1.360 2.566 0.010

Blasi 2006 1.251 1.085 1.442 3.091 0.002

Correira 2006 1.236 1.084 1.409 3.165 0.002

Chakrabarti 2009 1.241 1.084 1.421 3.121 0.002

Chien 2010 1.265 1.095 1.461 3.191 0.001

Palmieri 2010 1.224 1.075 1.394 3.050 0.002

Durdiakova 2014 1.251 1.097 1.426 3.345 0.001

1.227 1.079 1.396 3.123 0.002

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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Figure 21: Sensitivity analysis for rs1861972 (EN2) 

 

 

2.3.5 Analysis of the PGC dataset 

 11 of the 15 nominally significant variants in the current meta-analyses were genotyped 

in the PGC GWAS cohort, none were found to be significant. Effect direction was concordant 

for eight of the 11 variants between both the datasets. Effect sizes, as expected due to the larger 

sample size, were smaller in the PGC dataset for all the 11 variants, and the odds ratios were 

closer to 1. Total sample size was also not a significant predictor of concordance of effect 

direction between the two datasets. However, inspection of the datasets indicates that with the 

exception of rs2056202 in SLC25A12, the other three variants discordant for effect direction 

were analysed in small samples in the meta-analysis.  

Due to the lack of significance for 11 of the 15 variants in the PGC dataset, we re-

evaluated the significance of the remaining four variants. For two variants, the Classic Fail-

safe N is very small (3 for rs4446909 in ASMT, and 0 for rs4717806 in STX1A). The latter 

variant was analysed using a fixed effect model and becomes non-significant when analysed 

using a random effect model. For the remaining two variants (rs1861972 in EN2 and rs362691 

in RELN), the Classic Fail-safe N is above 10. The sample sizes, however, are modest. These 

analyses indicate that the first two variants are likely to be false positives. Additional research 

is required to confirm the significance of the latter two variants.  

2.3.6 Previous meta-analyses 

Five genes investigated in this study have been previously investigated in other meta-

analyses. These are: OXTR, RELN, HOXA1, MTHFR, and SLC6A4. HOXB1 was previously 

analysed using meta-analysis and was not re-investigated in this study as there was no new data 

Study name Statistics with study removed Odds ratio (95% CI) 

with study removedLower Upper 
Point limit limit Z-Value p-Value

Yang 2008 1.147 0.978 1.344 1.690 0.091

Yang 2010 1.163 0.982 1.377 1.750 0.080

Benayed 2005 AGRE II 1.242 0.995 1.550 1.915 0.055

Benayed 2005 NIMH 1.228 0.993 1.518 1.898 0.058

Gharani 2004 1.112 0.975 1.268 1.579 0.114

Chakrabarti 2009 1.244 1.060 1.460 2.674 0.007

Warrier 2014 1.207 1.002 1.455 1.980 0.048

1.187 1.011 1.393 2.092 0.036

0.01 0.1 1 10 100

Favours A Favours B

Meta Analysis

Meta Analysis
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to include. This study differs from that of LoParo and Waldman (LoParo & Waldman, 2015) 

who carried out a meta-analysis of OXTR and autism, as they included FBAT studies in their 

analyses. We excluded studies that used FBAT as FBAT does not report effect sizes. However, 

we included three additional cohorts, unpublished genotype data from two cohorts from our 

lab, and a third cohort studied by Nyffeler and colleagues (Nyffeler, Walitza, Bobrowski, 

Gundelfinger, & Grünblatt, 2014). Of the three variants significant in the previous study, 

rs237887 and rs2268491 were significant in the current study. We did not have enough data to 

test the third significant variant (rs7632287). A previous autism and RELN meta-analysis (Z. 

Wang et al., 2014) investigated three variants (rs736707, rs362691, and the GGC repeat), with 

only rs362691 giving a statistically significant P-value. In this study, we re-investigated the 

first two variants using data from additional cohorts. rs736707 was nominally significant and 

rs362691 was significant in this study. We did not identify any additional data for the GGC 

repeat and hence did not investigate it in our study. Additionally, we identified a fourth variant 

in RELN, rs2073559, which was not investigated by the previous meta-analysis. This variant 

was not significant in this study. We analysed both the variants investigated in a previous meta-

analysis (Pu et al., 2013), of MTHFR and autism, including data from two additional studies 

for rs1801133 and one additional study for rs1801131. The results were similar to the previous 

results obtained. rs1801133 was significant whereas rs1801131 was not. While the previous 

study stratified based on folate fortification, we did not conduct these analyses due to 

insufficient data on folate fortification. We re-investigated rs10951154 in HOXA1 which was 

investigated in an earlier meta-analysis (R.-R. Song et al., 2011). We included data from the 

Chakrabarti et al., (2009) cohort in this study, which was not included in the earlier study. 

While the previous study carried out analyses stratified by ethnicity, they did not stratify the 

data based on study methodology, differing from this study. We did not identify any additional 

data from the HOXB1 variant, rs72338773, investigated in the previous study (R.-R. Song et 

al., 2011) and hence did not re-investigate that variant. Finally, SLC6A4 has been investigated 

for autism using meta-analysis in an earlier study (Huang & Santangelo, 2008). We extend 

their work for 5-HTTLPR by using additional data and investigate two additional variants 

(rs2020936 and rs2020942) in this study. We did not identify any additional data for STin2 

VNTR and hence did not re-investigate it. 

2.4 Discussion 

 This is the first study to comprehensively investigate candidate gene association studies 

of common variants in autism. Using two databases, we identified 552 genes that are reported 
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to be implicated in autism through genetic association studies. We scanned the literature for 

these 552 genes and, using a strict inclusion criterion, we identified 27 genes that had sufficient 

data to perform a meta-analysis. Eight variants across seven genes were significant for 

combined effect sizes with P < 0.01. Data for 11 variants was present in the PGC GWAS 

dataset. None of the 11 variants were significant in the PGC dataset though the majority of the 

variants were concordant for effect direction in both the datasets. Overall, the lack of 

replication within the larger PGC cohort suggests that the results from candidate gene 

association studies are likely to be false positives.  

 Effect sizes for most common variants are modest for autism and these results are 

consistent with this observation.  However, there was no clear correlation between effect sizes 

in this dataset and the PGC dataset. Effect sizes were smaller in the PGC dataset. This is most 

likely due to the phenomenon known as ówinnerôs curseô, where, in genetic studies with low 

statistical power, variants with significant P-values are likely to have inflated effect sizes. 

Though most commonly described for GWAS, this is applicable in candidate gene association 

studies as well. While most of the effects lay between 0.8 and 1.2, which is expected from 

GWAS data, for some variants, the effect was larger. The most significant variant (rs167771) 

had data only from three studies and had a relatively high OR of 1.82 (1.40-2.38). The small 

sample size for this variant inflated the OR making it significant.  The effect direction was 

discordant for the variant in the PGC dataset and it was not significant in this dataset.  

It is clear that all candidate gene association studies are underpowered to replicably 

identify significant variants. Additionally, the different study methodologies and ethnicities 

contributed to heterogeneity in the sample which potentially confounded the analyses. It is also 

clear from this study that significant heterogeneity exists for a large fraction of the variants 

tested. In fact, heterogeneity is significantly and positively correlated with the number of 

independent datasets included per variant in the analyses, indicating that the current study may 

not have uncovered all the heterogeneity. We were able to account for some of the 

heterogeneity after stratifying for ethnicity and study methodology, but heterogeneity 

influenced the results for some for the variants even after this. This indicates that other 

additional factors contribute to variance in the effect. One potential source of heterogeneity is 

finer population stratification. Fine-scale population stratification cannot be addressed in 

candidate gene association studies as these test only a few SNPs. We were unable to stratify 

based on sex or clinical ascertainment - two factors known to contribute to heterogeneity in 

autism. It is unclear how clinical heterogeneity maps onto genetic heterogeneity in autism. 
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Existing genetic studies that stratify based on IQ or other clinical phenotype and subphenotypes 

and have had limited success (Chaste et al., 2015; Warrier, Chakrabarti, et al., 2015). The 

inability to completely identify sources of heterogeneity forced us to choose between two 

models (fixed effect vs random effects), when most variants are likely to have varying levels 

of heterogeneity.  

Another cause for concern is the small number of genes with enough data to meta-

analyse. Of 552 genes, we had data for only 27 of these, less than 5%.  None of the 27 genes 

analysed were autism risk genes as predicted by DAWN (Liu et al., 2014). Further, with the 

exception of SHANK3 (Sanders et al., 2015) none of these genes have sufficient evidence to 

categorize them as risk genes using sequencing or copy number variation studies, though, 

emerging evidence suggests that rare and common variants may contribute to different risk 

pathways in autism. For example, while rare variant mutation burden is correlated with 

reduction in cognitive ability (Robinson et al., 2014; Samocha et al., 2014), common risk 

variants for autism is associated with higher educational attainment (Bulik-Sullivan, Finucane, 

et al., 2015) and cognitive aptitude (Sniekers et al., 2017).   A few genes in the list of 552 genes 

but absent from the final list of 27 genes are predicted to be autism risk genes. This includes 

GABRB3, GRIN2B and NRXN1 (Sanders et al., 2015). However, there was insufficient 

evidence to evaluate the role of common variants in autism for these genes through the current 

meta-analysis.   

The candidate gene association studies typically have small samples, which 

overestimate effect sizes. The lack of replication does not indicate that these loci do not 

contribute to the aetiology of autism, but, rather, that there is insufficient evidence to implicate 

it in autism. Autism is highly polygenic and more than 49% of its variance can be attributed to 

common variants (Gaugler et al., 2014). As effect size for each individual common variant is 

likely to be very modest and not likely to exceed an OR of 1.3, this indicates that there are 

several common variants that contribute to the condition. Disentangling this would require very 

large sample sizes, much larger than those in the current PGC Autism GWAS. It is evident, 

from the current study, that candidate gene association studies in autism have been 

underpowered to reliably detect causative variants with precision. For this reason, in Chapters 

3 ï 7, we conduct genome-wide association studies of traits related to autism. 
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3. Genome-wide association study of self-reported empathy 
 

3.1 Introduction 

Empathy is the ability to identify other peopleôs thoughts, intentions, desires, and 

feelings, and to respond to othersô mental states with an appropriate emotion (Baron-Cohen & 

Wheelwright, 2004). It plays an important role in social interaction by facilitating both making 

sense of other peopleôs behaviour and in responding appropriately to their behaviour. For these 

reasons, it is considered a key component of prosocial behaviour, social cooperation, and social 

cognition (Decety, Bartal, Uzefovsky, & Knafo-Noam, 2015). Aspects of empathy are 

observed in humans and other animals and is thought to have evolved to support a range of 

prosocial behaviour and cooperative behaviour (Decety et al., 2015).  

Differences in various fractions of empathy have been observed in several psychiatric 

conditions. Two major fractions of empathy include affective empathy (the drive to respond to 

anotherôs mental state with an appropriate emotion) and cognitive empathy (the ability to 

recognize anotherôs mental state). Differences in empathy have been reported in autism (Baron-

Cohen & Wheelwright, 2004), bipolar disorder (Derntl, Seidel, Schneider, & Habel, 2012), 

schizophrenia (Bora, Gökçen, & Veznedaroglu, 2008; Lehmann et al., 2014; Michaels et al., 

2014), antisocial personality disorder (American Psychiatric Association, 2013) , borderline 

personality disorder (American Psychiatric Association, 2013), anorexia (Morris, Bramham, 

Smith, & Tchanturia, 2014), and major depressive disorder (Derntl et al., 2012; Thoma, 

Schmidt, Juckel, Norra, & Suchan, 2015; Weightman, Air, & Baune, 2014). These differences 

vary between psychiatric conditions: for example, individuals with schizophrenia are more 

likely to report higher personal distress and emotional contagion (Lehmann et al., 2014), 

whereas individuals with autism are likely to show difficulties with cognitive (but not affective) 

empathy (Baron-Cohen, 2009; Baron-Cohen & Wheelwright, 2004). In contrast, those with 

antisocial personality disorder are likely to show difficulties with affective (but not cognitive) 

empathy (Baron-Cohen, 2011). These may reflect causal risk mechanisms where alterations in 

fractions of empathy contribute to higher risk for developing a specific psychiatric condition. 

Equally, differences in empathy may also be a consequence of the presence of a psychiatric 

condition, which may not allow individuals to understand and respond to another personôs 

mental state effectively. For example, those with depression may have intact empathy prior to 

their low mood, but show reduced empathy as a consequence of mood change. 
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Whilst empathy is clearly shaped by early experience, parenting, and other social 

factors, different lines of evidence suggest that empathy is partly biological. Empathy is 

modestly heritable (approximately a third of the variance is heritable) (Davis, Luce, & Kraus, 

1994; Emde et al., 1992; Hatemi, Smith, Alford, Martin, & Hibbing, 2015), and a few candidate 

gene association studies have investigated the role of various genes in empathy (Chakrabarti et 

al., 2009; Uzefovsky et al., 2014; Warrier et al., 2013). In addition, several studies have 

identified a role for the oxytocinergic and the fetal testosterone systems in modulating empathy 

(Auyeung et al., 2006; Chapman et al., 2006; Decety, 2010; Decety et al., 2015). Neuroimaging 

studies have identified distinct brain regions implicated in different aspects of empathy 

including the amygdala and the ventromedial prefrontal cortex (Morelli, Rameson, & 

Lieberman, 2014; Siegal & Varley, 2002). Empathy also shows a marked sex difference: 

females, on average, score higher on different measures of empathy (Baron-Cohen & 

Wheelwright, 2004; Holgado Tello, Delgado Egido, Carrasco Ortiz, & Del Barrio Gandara, 

2013). A longitudinal study suggests that this female advantage grows larger with age (Mestre, 

Samper, Frías, & Tur, 2009). Sex differences in the mind arise from a combination of innate 

biological differences, cultural, and environmental factors. Studies in infant humans have 

identified sex differences in the developmental precursors to empathy, such as neonatal 

preference for faces over objects (Connellan, Baron-Cohen, Wheelwright, Batki, & Ahluwalia, 

2000), when environmental and cultural influences are minimal, lending support to the idea 

that sex differences in empathy are at least partly biological (Christov-Moore et al., 2014).  

Because empathy difficulties are found in a range of psychiatric conditions, empathy is 

an important phenotype for investigation. Understanding the biological networks that partly 

determine empathy may help us understand how it contributes to psychiatric phenotypes, an 

approach that has been used for other traits such as neuroticism (de Moor et al., 2015), 

creativity (Power et al., 2015), and cognitive ability (Clarke et al., 2015). We investigate the 

genetic correlates of empathy using the Empathy Quotient (EQ) (Baron-Cohen & Wheelwright, 

2004). The EQ is listed in the Research Domain Criteria (RDoC)(Insel et al., 2010) as a self-

report measure under the domain of óUnderstanding Mental Statesô 

(https://www.nimh.nih.gov/research-priorities/rdoc/units/self-reports/151133.shtml). The EQ 

is widely used, has excellent test-retest reliability (r = 0.83, P = 0.0001) (Lawrence, Shaw, 

Baker, Baron-Cohen, & David, 2004), high internal consistency (Cronbachôs alpha ~ 0.9) (Bos 

et al., 2016; Melchers, Montag, Markett, & Reuter, 2015) and is significantly correlated with 

factors in the Interpersonal Reactivity Index (IRI) and the Toronto Empathy Questionnaire, 

https://www.nimh.nih.gov/research-priorities/rdoc/units/self-reports/151133.shtml
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two other measures of empathy, suggesting good concurrent validity (Lawrence et al., 2004; 

Spreng, McKinnon, Mar, & Levine, 2009). Psychometric analysis of the EQ in 3,334 

individuals from the general population suggests that the EQ is a good measure of empathy 

which can be measured across a single dimension (Allison, Baron-Cohen, Wheelwright, Stone, 

& Muncer, 2011). By focusing on a self-report measure of empathy, we were able to obtain 

phenotypic and genetic data from a large number of participants, increasing the statistical 

power of the study. In Chapter 4, we investigate the genetic correlates of cognitive empathy 

using a specific performance measure ï the óReading the Mind in the Eyesô Test (the Eyes 

Test) (Warrier et al., 2017) . The Eyes Test has a low correlation with the EQ (r ~ 0.10) (Baron-

Cohen et al., 2015; Melchers et al., 2015) and measures only one facet of empathy, namely 

cognitive empathy. Cognitive empathy is also referred to as employing a ótheory of mindô, or 

ómentalizingô. The EQ includes items that measure cognitive empathy, but others that measure 

affective empathy. Yet other items on the EQ involve both cognitive and affective empathy. 

In this study, we aim to answer three questions: 1. What are the genetic correlates of 

empathy? 2. Is empathy genetically correlated to various psychiatric conditions, psychological 

traits, and education? and 3. Is there a genetic contribution to sex differences in empathy? We 

performed sex-stratified and non-stratified genome-wide association analyses of empathy in 

research participants from 23andMe, a personalized genetics company. We calculated the 

narrow sense heritability explained by all the SNPs tested, and investigated sex differences. 

Finally, we conducted genetic correlation analyses with six psychiatric conditions (anorexia, 

ADHD, autism, bipolar disorder, major depressive disorder, and schizophrenia), six 

psychological traits, and educational attainment.  

3.2 Methods  

3.2.1 Participants 

 Research Participants were drawn from the customer base of 23andMe, Inc. a personal 

genetics company and are described in detail elsewhere (Do et al., 2011; Tung et al., 2011). 

There were 46,861 participants (24,543 females and 22,318 males). All participants included 

in the analyses provided informed consent and answered surveys online according to a human 

subjects research protocol, which was reviewed and approved by Ethical & Independent 

Review Services, an AAHRPP-accredited private institutional review board 

(http://www.eandireview.com). All participants completed the online version of the 

questionnaire accessible via the research tab of their password protected 23andMe personal 

online account. Only participants who were primarily of European ancestry (97% European 

http://www.eandireview.com/
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Ancestry) were selected for the analysis using existing methods (Eriksson et al., 2012). 

Unrelated individuals were selected using a segmental identity-by-descent algorithm (Henn et 

al., 2012).  

3.2.2 Measures 

 The Empathy Quotient (EQ) (Baron-Cohen & Wheelwright, 2004), is a self-report 

measure of empathy, and includes items relevant to both cognitive and affective empathy. It 

comprises 60 questions and has a good test-retest reliability (Lawrence et al., 2004). 20 

questions are filler questions, of the remaining 40 questions participants can score a maximum 

of 2 points and a minimum of 0 point per question. Therefore, in this study, participants scored 

a maximum of 80 and a minimum of 0.  

3.2.3 Genotyping, imputation and quality control 

 DNA extraction and genotyping were performed on saliva samples by the National 

Genetic Institute, USA. Participants were genotyped on one of four different platforms ï V1, 

V2, V3 and V4. The V1 and V2 platforms have a total of 560,000 SNPs largely based on the 

Illumina HumanHap550+ BeadChip. The V3 platform has 950,000 SNPs based on the Illumina 

OmniExpress+ Beadchip and has custom content to improve the overlap with the V2 platform. 

The V4 platform is a fully customized array and has about 570,000 SNPs. All samples had a 

call rate greater than 98.5%. A total of 1,030,430 SNPs (including Insertion/Deletion or InDels) 

were genotyped across all platforms. Imputation was performed using the March 2012 (v3) 

release of the 1000 Genomes Phase 1 reference haplotypes.  First, we used Beagle (version 

3.3.1) (Browning & Browning, 2007) to phase batches of 8000-9000 individuals across 

chromosomal segments of no more than 10,000 genotyped SNPs, with overlaps of 200 SNPs.  

SNPs were excluded if they were not in Hardy-Weinberg equilibrium (P < 10-20), had a 

genotype call rate less than 95%, or had discrepancies in allele frequency compared to the 

reference European 1000 Genomes data (chi-squared P < 10-15). We then imputed each phased 

segment against all-ethnicity 1000 Genomes haplotypes (excluding monomorphic and 

singleton sites) using Minimac2 (Fuchsberger, Abecasis, & Hinds, 2015), using 5 rounds and 

200 states for parameter estimation. We restricted the analyses to only SNPs that had a minor 

allele frequency (MAF) of at least 1%. For genotyped SNPs, those present only on platform 

V1, or in chromosome Y and mitochondrial chromosomes were excluded due to small sample 

sizes and unreliable genotype calling respectively. Next, using trio data from that was available 

from research participants in the 23andMe dataset, SNPs that failed a parent offspring 

transmission test were excluded. For imputed SNPs, we excluded SNPs with average r2 < 0.5 
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or minimum r2 < 0.3 in any imputation batch, as well as SNPs that had strong evidence of an 

imputation batch effect. The batch effect test is an F test from an ANOVA of the SNP dosages 

against a factor representing imputation batch; we excluded results with P<10ī50. After quality 

control, 9,955,952 SNPs were analysed. Genotyping, imputation, and preliminary quality 

control were performed by 23andMe.  

3.2.4 Genetic association 

 We performed a linear regression assuming an additive model of genetic effects. Age 

and sex along with the first five ancestry principal components were included as covariates. 

Additionally, we performed a male-only and a female-only linear regression analysis to identify 

sex-specific loci. Lead SNPs in each locus were identified after pruning for LD (r2 > 0.8) using 

Plink version 1.9. We calculated the variance explained by the top SNPs using a previously 

used formula (Hibar et al., 2015): 
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 is the proportion of variance explained by the SNP after accounting for the effects of the 

covariates (four ancestry principal components, age, and, additionally, sex for the non-stratified 

analyses), t is the t-statistic of the regression co-efficient, k is the number of covariates, and n 

is the sample size. Winnerôs curse correction was conducted using FDR Inverse Quantile 

Transformation (Bigdeli et al., 2016).  

3.2.5 Genomic inflation factor, heritability, and functional enrichment 

 We used Linkage Disequilibrium Score regression coefficient (LDSR) to calculate 

genomic inflation due to population stratification (Bulik-Sullivan, Loh, et al., 2015) 

(https://github.com/bulik/ldsc). Heritability and genetic correlation was performed using 

extended methods in LDSR (Bulik-Sullivan, Finucane, et al., 2015). Difference in heritability 

between males and females was quantified using (Ge et al., 2017): 
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Where Z is the Z score for the difference in heritability for a trait, (h2
males -  h

2
females) is 

the difference SNP heritability estimate in males and females, and SE is the standard errors for 

heritability. Two-tailed P-values were calculated, and reported as significant if P < 0.05. We 

identified enrichment in genomic functional elements for the traits by partitioning heritability 
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performed in LDSR (Finucane et al., 2015). In addition to the baseline partitions we conducted 

four additional enrichment analyses. Enrichment for CNS specific histone marks was 

conducted using cell type specific partitioned heritability analysis. For genes that are intolerant 

to loss-of-function mutations, we identified gene boundaries of genes with probability of loss-

of-function intolerance scores > 0.9 from the Exome Aggregation Consortium (Lek et al., 

2016), and conducted partitioned heritability analysis for all common SNPs within the gene 

boundaries identified. Similarly, for sex-differentially enriched genes, we identified gene 

boundaries of genes with sex differential expression in cerebral cortex and associates structures 

(Brain Other) (Chen et al., 2016) (Appendix: Table 3). We divided this into two separate lists 

ï genes with higher expression in males and genes with higher expression in females with an 

FDR corrected P-value < 0.05. Partitioned heritability analyses were conducted to identify 

enrichment.  

3.2.6 Genetic correlations 

LDSR was also used to calculate genetic correlations. We restricted our analyses to 

only the non-stratified GWAS dataset due to the unavailability of sex-stratified GWAS data in 

the phenotypes investigated. We calculated initial genetic correlations using LD Hub (Zheng 

et al., 2016) for schizophrenia (Ripke et al., 2014),  bipolar disorder, major depressive disorder, 

depressive symptoms, educational attainment (years of schooling.), NEO-Openness to 

experience, NEO-Conscientiousness, subjective wellbeing, and neuroticism. For anorexia 

nervosa (Duncan et al., 2017), autism (The Autism Spectrum Disorders Working Group of The 

Psychiatric Genomics Consortium, 2017), and ADHD (Demontis et al., 2017),  we used the 

data available from the PGC webpage (https://www.med.unc.edu/pgc/results-and-downloads) 

to conduct genetic correlation analyses as these are in larger samples and, consequently, have 

greater statistical power than the datasets available on LD Hub. In addition, for autism, we also 

used an independent dataset from a larger autism cohort from Denmark ï the autism_iPSYCH 

dataset (Pedersen et al., 2017). We also conducted genetic correlation for extraversion (van den 

Berg et al., 2016) separately as the data was unavailable on LD Hub.  For the anorexia nervosa 

and the extraversion analyses, the North West European LD scores were used and the intercepts 

were not constrained as the extent of participant overlap was unknown. We report significant 

lists if the Bonferroni corrected P-value < 0.05, which we acknowledge is conservative. For 

anorexia nervosa and autism, we also conducted genetic correlation analyses using the sex-

stratified EQ dataset due to the significant sex-differences observed in these conditions. We 

https://www.med.unc.edu/pgc/results-and-downloads
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correct for these using Bonferroni correction, and report significant correlations with a  P-value 

< 0.05.  

3.2.7 Gene-based analysis 

 Gene based analyses for the non-stratified GWAS were performed using MAGMA (de 

Leeuw, Mooij, Heskes, & Posthuma, 2015), which integrates LD information between SNPs 

to prioritize genes. Genes were significant if they had a Bonferroni corrected P-value < 0.05. 

In addition, we also investigated enrichment in Gene Ontology terms using MAGMA.  

3.2.8 Genome-wide colocalization 

Pairwise genome-wide colocalization analyses were conducted using GWAS-PW 

(Pickrell et al., 2016) by dividing the genomes into segments containing approximately 5,000 

SNPs each. We considered the posterior probability of model 3 i.e. the model wherein SNPs in 

the same locus influence both the traits. We used a rigorous threshold of posterior probability 

> 0.9 to identify significant loci that influenced both the traits. We conducted pairwise 

colocalization for empathy (non-stratified) and schizophrenia (Ripke et al., 2014), and for 

empathy (non-stratified) and anorexia nervosa (Duncan et al., 2017).  

3.2.9 Data Availability 

 Summary statistics for the EQ can be requested directly from 23andMe, and will be 

made available to qualified researchers subject to the terms of a data transfer agreement with 

23andMe that protects the privacy of the 23andMe research participants. Please contact David 

Hinds (dhinds@23andMe.com) for more information. Top SNPs can be visualized here: 

https://ghfc.pasteur.fr/eq/.  

 

3.3 Results  

3.3.1 Phenotype description 

To understand the genetic correlates of empathy, we collaborated with 23andMe to 

conduct a Genome Wide Association Study (GWAS) of empathy (n = 46,861) using the EQ, 

which was normally distributed. A flow chart of the study protocol is shown in Figure 1.  

mailto:dhinds@23andMe.com)
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Figure 1: Schematic diagram of the study protocol 

 

Phenotyping was conducted in research participants from 23andMe., Inc using the 60 question 

Empathy Quotient (Panel A). Three GWAS analyses were conducted: non-stratified GWAS 

(Panel B) and sex-stratified GWAS (Panel D) in unrelated individuals of primarily European 

ancestry. Summary non-stratified GWAS data was used to conduct SNP heritability, gene, 

pathway, and functional enrichment, genetic correlations with psychiatric conditions, 

psychological traits and education, and Bayesian gene colocalization (Panel C). Summary sex-

stratified GWAS data was used to conduct sex-specific SNP heritability, genetic correlation 

between the male and female datasets, and enrichment in sex-differentially expressed genes 

(Panel E). 

 

The mean score for all participants was 46.4 (s.d. = 13.7) on a total of 80 on the EQ, 

which is similar to the mean score reported in 90 typical participants in the first study describing 

the EQ (42.1, sd =10.6) (Baron-Cohen & Wheelwright, 2004). Females scored higher than 

males on the EQ (41.9, s.d. =13.5 in males, 50.4, s.d. =12.6 in females) (Figure 2), as 

previously observed (Baron-Cohen & Wheelwright, 2004). There was significant age effect, 

with scores increasing with age (Beta = 0.08±0.003; P = 3.3x10-104) and a significant sex effect 

with females scoring higher than males (Beta = 8.4±0.11; P ~ 0).
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Figure 2: Mean scores and heritability estimates for the EQ 

 

Mean scores and standard deviations for scores on the EQ (a). The effect size of the difference 

between males and females for the EQ scores was Cohenôs d= 0.65. The bar on top and the 

number represents the statistical significance of the male-female difference in mean scores for 

the EQ. Mean estimates and standard errors for heritability for scores on the EQ (b) for the 

females-only GWAS, males-only GWAS and the non-stratified GWAS. Numbers on top of the 

graphs represent P-values for each heritability estimate.  Note, the y-axis does not start at 0.  

 

3.3.2 Genome-wide association analyses 

We conducted three GWAS analyses: a male-only analysis, a female-only analysis, and 

a non-stratified analysis, using a linear regression model with age and the first four ancestry 

principal components as covariates (Methods). LD score regression coefficient suggested non-

significant genomic inflation due to population stratification (Figures 3 - 6). We identified one 

genome-wide significant SNP (rs4882760; P = 4.29x10-8, non-stratified GWAS) is an intronic 

SNP in TMEM132C (Figures 3 - 6 and Table 1). This SNP lies in the second intron of 

TMEM132C. Due to the high recombination rates in this region, we were unable to investigate 

other SNPs in high LD with the lead SNP. Therefore, a cautious interpretation of this result is 

warranted. TMEM132C encodes a transmembrane protein, but is otherwise poorly 

characterized.  We identified 11 loci with P < 1 x 10-6 in the three GWAS.  
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Figure 3: Manhattan Plot (A) and QQ Plot (B) of the non-stratified GWAS analysis 

 

ɚGC = 1.092, LDSR intercept = 1.0007±0.0066 
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Figure 4: Manhattan Plot (A) and QQ Plot (B) of the females-only GWAS analysis 

 

ɚGC = 1.049, LDSR intercept = 1.0015±0.0064 
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Figure 5: Manhattan Plot (A) and QQ Plot (B) of the males-only GWAS analysis 

 

ɚGC = 1.051, LDSR intercept = 0.99±0.0055 
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Figure 6: Regional association plot for rs4882760 (Non-stratified GWAS) 
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Table 1: Independent SNPs with P < 1x10-6 from the GWAS studies 

SNP Chr  Freq 

EA 

Freq 

OA 

BP EA OA P Effect SE Study Imputation 

r 2 

Nearest Gene 

(GENCODE) 

Genic 

Location 

rs4882760 12 0.49 0.51 128913894 T A 4.29E-08 -0.51 0.09 M+F 0.86 TMEM132C intron 

rs189163756 2 0.04 0.96 143370827 C A 1.21E-07 -1.33 0.25 M+F 0.69 KYNU intergenic 

rs76891664 2 0.09 0.91 143354362 G A 1.97E-07 -1.16 0.22 M 0.98 AC016706.1 intergenic 

rs146838217 10 0.26 0.74 120542718 G C 3.06E-07 0.54 0.11 M+F 0.82  U3 intergenic 

rs11264567 1 0.30 0.70 153875689 G A 3.14E-07 0.72 0.14 M 0.97 GATAD2B intron 

rs1141090 11 0.57 0.43 13033155 C A 3.64E-07 0.43 0.09 M+F 0.98 RASSF10 3-prime-UTR 

rs10265275 7 0.47 0.53 135775848 T C 6.37E-07 -0.74 0.15 M 0.86 AC009784.3 intergenic 

rs75171949 5 0.08 0.92 101110228 G C 6.5E-07 -1.23 0.25 M 0.89 Metazoa_SRP intergenic 

rs201219357 15 0.04 0.96 69399212 I D 6.81E-07 -1.87 0.38 F 0.57 RP11-

809H16.5 

 

rs2089401 16 0.90 0.10 67549653 G C 8.17E-07 -1.04 0.21 M 0.96 CTD-

2012K14.1 

intergenic 

rs201645977 16 0.85 0.15 67797575 I D 8.88E-07 -0.88 0.18 M 0.95 RANBP10 intergenic 

This table provides the details of all independent SNPs of suggestive significance (P < 1x10-6). Chr = Chromosome, BP = base pair (Hg19), P = 

Regression P-value, Effect = Regression beta (not standardized), SE = Standard error, EA = effect allele, OA = other allele
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To investigate if the top SNPs from the EQ also contribute to cognitive empathy as 

measured by the Eyes Test (Chapter 4), we conducted SNP lookup of all the 11 suggestive 

loci in the Eyes Test GWAS. None of the 11 loci were significant in the Eyes Test GWAS, and 

only 7 out of the 11 SNPs had concordant effect directions in the two traits (P = 0.54; two-

sided binomial sign test).  

The most significant SNP in each GWAS analysis explained 0.06 ï 0.13% of the total 

variance (Table 2). However, this reduced to 0.0006 ï 0.016% after correcting for winnerôs 

curse (Table 2).  

Table 2: Variance explained by the top SNPs 

Study SNP Chr  EA OA P Beta SE R2 R2 (WC) 

EQ_All rs4882760 12 T A 4.29E-08 -0.51 0.09 0.06 0.0021 

EQ_M rs7689166

4 

2 G A 1.97E-07 -1.16 0.22 0.12 0.0165 

EQ_F rs2012193

57 

15 I D 6.81E-07 -1.87 0.38 0.10 0.0006 

This table provides details of the most significant SNPs in each GWAS and the variance 

explained .EA = effect allele, OA = other allele, Beta = regression beta (not standardized), SE 

= standard error of regression, R2  = variance explained by the SNP, R2 (WC)  = variance 

explained after winner's curse correction (see methods for winnerôs curse correction) 

  

3.3.3 Gene-based association, heritability, and enrichment in functional categories 

Gene based analysis identified two significant genes for the EQ: SEMA6D (P = 9.14x10-

7), and FBN2 (P = 1.68x10-6) (Appendix: Table 4). Analysis for enrichment in Gene Ontology 

(GO) terms did not identify any significant enrichment (Appendix: Table 5). The most 

significant GO process was negative regulation of neurotransmitter secretion.  

We used LDSR (Bulik-Sullivan, Loh, et al., 2015) to calculate the heritability explained 

by all the SNPs tested (Methods) and identified a heritability of 0.11±0.014 for the EQ (P = 

1.7x10-14) (Figure 2, Table 3).  Partitioning heritability by functional categories did not 

identify any significant enrichment after correcting for multiple testing (Table 4). We next 

investigated if there was an enrichment in heritability for histone marks in cells in the CNS 

(Finucane et al., 2015), but did not find a significant enrichment (enrichment = 3.67±1.45; P = 

0.077).   
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Table 3: Additive SNP heritability for the three GWAS 

Study h2 (SE) Z score P  

EQ_All 0.1074 (0.014) 7.67 1.70E-14 

EQ_M 0.1307 (0.0257) 5.09 3.66E-07 

EQ_F 0.1074 (0.0208) 5.16 2.42E-07 

 This table provides the results of the additive heritability analyses. h2 = Additive SNP heritability, 

SE = Standard error, P = P-value.  
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Table 4: Results of the partitioned heritability analyses for the EQ 

Category Prop 

SNP 

Proph2 Prop 

h2 SE 

Enrich Enrich 

SE 

Enrich P FDR < 

5% 

base_0 1 1 0 1 0 NA NA 

Conserved_LindbladToh_0 0.03 0.46 0.14 17.52 5.40 2.07E-03 No 

H3K9ac_Trynka_0 0.13 0.60 0.18 4.78 1.43 9.17E-03 No 

Intron_UCSC.extend.500_0 0.40 0.58 0.07 1.46 0.19 1.08E-02 No 

PromoterFlanking_Hoffman.extend.500_0 0.03 0.28 0.10 8.24 3.10 1.59E-02 No 

UTR_5_UCSC.extend.500_0 0.03 0.22 0.09 8.08 3.27 3.24E-02 No 

FetalDHS_Trynka.extend.500_0 0.29 0.75 0.24 2.64 0.85 5.69E-02 No 

H3K27ac_PGC2.extend.500_0 0.34 0.63 0.17 1.88 0.50 7.89E-02 No 

H3K4me3_Trynka_0 0.13 0.40 0.16 2.99 1.20 9.68E-02 No 

DHS_peaks_Trynka_0 0.11 -0.40 0.33 -3.57 2.96 1.03E-01 No 

H3K4me3_peaks_Trynka_0 0.04 0.33 0.19 7.97 4.44 1.18E-01 No 

TSS_Hoffman.extend.500_0 0.03 0.19 0.10 5.33 2.89 1.38E-01 No 

PromoterFlanking_Hoffman_0 0.01 0.14 0.09 16.49 10.88 1.42E-01 No 

WeakEnhancer_Hoffman.extend.500_0 0.09 0.27 0.13 3.00 1.44 1.57E-01 No 

Enhancer_Hoffman_0 0.06 -0.19 0.18 -2.93 2.91 1.65E-01 No 

H3K9ac_peaks_Trynka_0 0.04 0.29 0.18 7.45 4.77 1.83E-01 No 

SuperEnhancer_Hnisz.extend.500_0 0.17 0.27 0.07 1.55 0.41 1.85E-01 No 

TFBS_ENCODE.extend.500_0 0.34 0.71 0.28 2.06 0.83 1.95E-01 No 

Intron_UCSC_0 0.39 0.50 0.09 1.29 0.24 2.07E-01 No 

Enhancer_Hoffman.extend.500_0 0.15 0.35 0.16 2.26 1.03 2.18E-01 No 

DGF_ENCODE_0 0.14 -0.25 0.34 -1.78 2.45 2.42E-01 No 

H3K9ac_Trynka.extend.500_0 0.23 0.42 0.17 1.83 0.72 2.48E-01 No 

TFBS_ENCODE_0 0.13 -0.14 0.27 -1.04 2.07 3.14E-01 No 

CTCF_Hoffman.extend.500_0 0.07 0.24 0.16 3.31 2.31 3.16E-01 No 

Transcribed_Hoffman.extend.500_0 0.76 0.63 0.15 0.82 0.19 3.60E-01 No 

Enhancer_Andersson_0 0.00 -0.05 0.07 -12.54 15.45 3.77E-01 No 

H3K4me3_Trynka.extend.500_0 0.26 0.41 0.18 1.60 0.72 3.96E-01 No 

SuperEnhancer_Hnisz_0 0.17 0.23 0.08 1.36 0.45 4.47E-01 No 

Coding_UCSC_0 0.01 0.08 0.08 5.36 5.72 4.53E-01 No 

Coding_UCSC.extend.500_0 0.06 0.13 0.09 2.02 1.42 4.73E-01 No 

Conserved_LindbladToh.extend.500_0 0.33 0.46 0.18 1.38 0.54 4.78E-01 No 

DGF_ENCODE.extend.500_0 0.54 0.68 0.23 1.26 0.42 5.39E-01 No 

Transcribed_Hoffman_0 0.35 0.47 0.22 1.37 0.64 5.55E-01 No 
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WeakEnhancer_Hoffman_0 0.02 -0.05 0.13 -2.28 6.12 5.87E-01 No 

TSS_Hoffman_0 0.02 -0.03 0.09 -1.74 5.20 5.94E-01 No 

H3K27ac_Hnisz.extend.500_0 0.42 0.49 0.14 1.16 0.32 6.32E-01 No 

Promoter_UCSC_0 0.03 0.08 0.11 2.49 3.60 6.80E-01 No 

DHS_Trynka.extend.500_0 0.50 0.58 0.23 1.17 0.46 7.13E-01 No 

H3K4me1_Trynka.extend.500_0 0.61 0.66 0.14 1.08 0.22 7.26E-01 No 

DHS_Trynka_0 0.17 0.06 0.34 0.36 2.03 7.50E-01 No 

FetalDHS_Trynka_0 0.08 0.15 0.27 1.76 3.17 8.11E-01 No 

H3K4me1_peaks_Trynka_0 0.17 0.11 0.27 0.63 1.56 8.13E-01 No 

H3K27ac_PGC2_0 0.27 0.31 0.20 1.17 0.73 8.20E-01 No 

Enhancer_Andersson.extend.500_0 0.02 0.00 0.09 0.20 4.51 8.60E-01 No 

CTCF_Hoffman_0 0.02 0.00 0.15 -0.03 6.21 8.67E-01 No 

H3K27ac_Hnisz_0 0.39 0.37 0.12 0.95 0.32 8.70E-01 No 

Repressed_Hoffman.extend.500_0 0.72 0.71 0.10 0.98 0.13 8.92E-01 No 

Repressed_Hoffman_0 0.46 0.49 0.26 1.07 0.57 8.98E-01 No 

UTR_3_UCSC.extend.500_0 0.03 0.02 0.08 0.62 3.07 9.01E-01 No 

Promoter_UCSC.extend.500_0 0.04 0.03 0.08 0.74 2.19 9.07E-01 No 

UTR_5_UCSC_0 0.01 0.01 0.05 2.02 9.38 9.13E-01 No 

H3K4me1_Trynka_0 0.43 0.40 0.26 0.94 0.61 9.19E-01 No 

UTR_3_UCSC_0 0.01 0.01 0.07 0.55 6.38 9.44E-01 No 

This table provides the results of the partitioned heritability analyses. h2 = Additive SNP 

heritability, SE = Standard error, P = P-value, Enrich = enrichment. 

Recent studies have identified an enrichment of associations in or near genes that are 

extremely intolerant to loss-of-function variation in schizophrenia (Singh et al., 2016), autism 

(Kosmicki et al., 2017; Samocha et al., 2014), and developmental disorders (McRae et al., 

2017), conditions that are often accompanied by difficulties in social behaviour and empathy.  

We investigated if there was a significant enrichment in GWAS signal for the EQ in these 

genes that are extremely intolerant to loss-of-function variation. We identified a nominal, near 

two-fold enrichment. These genes explain 19% of the proportion of h2
SNP but only 9% of the 

total SNPs lie in these genes (enrichment = 1.83±0.42; P = 0.044). The enrichment did not 

survive correction for multiple testing.  

3.3.4 Sex differences 

Sex differences in empathy (Baron-Cohen, 2010) may reflect genetic as well as non-

genetic factors (such as prenatal steroid hormones, and postnatal learning) (Auyeung, 

Lombardo, & Baron-Cohen, 2013). In our dataset, there was significant female advantage on 



 

 72 

the EQ (P < 2x10-16 Cohenôs d = 0.65) (Figure 2). To investigate the biological basis for the 

sex-difference observed in the traits, we tested the heritability of the sex-stratified GWAS 

analyses for EQ. Our analyses revealed no significance difference between the heritability in 

the males-only and the females-only datasets (P = 0.48 for male-female difference in EQ) 

(Figure 2 and Table 3). Additionally, there was a high genetic-correlation between the males-

only and females-only GWAS (rg = 0.82±0.16, P = 2.34x10-7). This was not significantly 

different from 1 (P = 0.13, one-sided Wald Test), indicating a high degree of similarity in the 

genetic architecture of the phenotypes in males and females. We investigated the heterogeneity 

in the 11 SNPs of suggestive significance in both the sexes using Cochranôs Q-Test, and did 

not identify significant heterogeneity (Table 5). 

Sex differences may also arise by differential expression of specific genes in different 

neural tissues at different developmental stages (Chen et al., 2016; Shi, Zhang, Su, Thompson, 

& Thiel, 2016). This could be due to multiple factors, including sex-specific transcription 

factors and sex-specific DNA methylation. We investigated this by performing enrichment 

analysis of the non-stratified GWAS in genes with higher expression in either males or females 

in cortical tissue samples. We did not identify a significant enrichment for either genes with 

higher expression in males (enrichment = 1.95±0.70, P = 0.17) or females (enrichment = 

0.28±0.84, P = 0.39) (Appendix: Table 3).  
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Table 5: Male-female heterogeneity in effect sizes and direction 

SNP Chr  Position Effect  

allele 

Other 

allele 

Females-only GWAS Males-only GWAS Heterogeneity  

(males-females) 

 Beta SE P-value  Beta SE P-value Q value P 

rs10265275 7 135775848 T C 0.02 0.13 9.03E-01 -0.74 0.15 6.37E-07 2 0.15 

rs11264567 1 153875689 G A 0.07 0.12 5.93E-01 0.72 0.14 3.14E-07 1.6 0.20 

rs1141090 11 13033155 C A 0.40 0.11 4.52E-04 0.47 0.13 2.74E-04 0.01 0.89 

rs146838217 10 120542718 G C 0.38 0.14 6.36E-03 0.71 0.16 8.64E-06 0.35 0.55 

rs189163756 2 143370827 C A -0.95 0.34 4.57E-03 -1.74 0.38 3.87E-06 0.86 0.35 

rs201219357 15 69399212 I D -1.87 0.38 6.81E-07 -0.02 0.44 9.70E-01 4.22 0.04 

rs201645977 16 67797575 I D 0.05 0.16 7.78E-01 -0.88 0.18 8.88E-07 2.51 0.11 

rs2089401 16 67549653 G C 0.18 0.19 3.36E-01 -1.04 0.21 8.17E-07 3.74 0.05 

rs4882760 12 128913894 T A -0.43 0.12 4.41E-04 -0.59 0.14 2.75E-05 0.09 0.75 

rs75171949 5 101110228 G C -0.19 0.22 3.95E-01 -1.23 0.25 6.50E-07 2.35 0.12 

rs76891664 2 143354362 G A -0.24 0.20 2.34E-01 -1.16 0.22 1.97E-07 2.02 0.15 
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3.3.5 Genetic correlations 

To investigate how the EQ correlates with psychiatric conditions, psychological traits 

and educational attainment, we performed genetic correlation (Methods) with six psychiatric 

conditions (autism, ADHD, anorexia nervosa, bipolar disorder, depression (major depressive 

disorder and the larger depressive symptoms dataset) and schizophrenia), six psychological 

traits (NEO-extraversion, NEO-openness to experience, NEO-conscientiousness, neuroticism, 

and subjective wellbeing), and educational attainment (a proxy measure of IQ, measured using 

years of schooling) (Table 6 and Figure 7).  

With psychiatric conditions, three genetic correlations were significant following 

Bonferroni correction: EQ-autism_iPSYCH (rg = -0.27±0.07, P = 2x10-4), EQ-schizophrenia 

(rg = 0.19±0.04; P = 1.36x10-5) and EQ-anorexia nervosa (rg = 0.32±0.09; P = 6x10-4).  In 

contrast, we did not identify a significant negative correlation with the autismPGC dataset (rg 

= -0.08±0.06, P = 0.19), though the effect direction was concordant for both the autism datasets. 

We note that there is a high genetic correlation between the two autism GWAS datasets (rg = 

0.94±0.05, P < 2.2x10-16). 

As anorexia nervosa is primarily diagnosed in women, and autism is primarily 

diagnosed in men, we further tested sex-specific correlations. After Bonferroni correction, we 

identified significant genetic correlations between the EQ-F and anorexia (rg = 0.48±0.12; P = 

8.46x10-5) and the EQ-M and autism_iPSYCH (rg = -0.3±0.08, P = 3x10-4).  

With psychological traits, we identified one significant correlation after Bonferroni 

correction: the EQ with extraversion (rg = 0.45±0.08; P = 5.76x10-8). Additionally, we 

identified two nominally significant correlations: the EQ with subjective wellbeing (rg = 

0.19±0.07; P = 7.8x10-3), and NEO-conscientiousness (rg = 0.39±0.14; P = 8.8x10-3). All three 

correlations were in the predicted direction as studies have identified a positive phenotypic 

correlation between all three phenotypes and the EQ (Bos et al., 2016; Melchers et al., 2016).  
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Figure 7: Genetic correlations between the EQ and other conditions 

 

Mean and 95% confidence intervals shown for genetic correlations between empathy and other 

conditions. P-values are provided for nominally significant correlations. *indicates that the 

correlation was significant after Bonferroni correction.   
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Table 6A: Genetic correlation for the non-stratified GWAS  

Phenotype r g SE P-value N  PMID  

Anorexia Nervosa* 0.33 0.09 6.00E-04 14477 28494655 

ADHD -0.08 0.07 2.07E-01 55374 NA 

Autism_PGC -0.08 0.07 1.96E-01 16350 28540026 

Autism_iPSYCH* -0.27 0.07 2.00E-04 19142 NA 

Bipolar disorder 0.16 0.07 2.16E-02 16731 21926972 

Depressive symptoms 0.03 0.07 7.01E-01 161460 27089181 

Extraversion* 0.46 0.08 5.76E-08 63030 26362575 

Major depressive disorder 0.09 0.09 3.29E-01 18759 22472876 

Neo-conscientiousness 0.39 0.15 8.80E-03 17375 21173776 

Neo-openness to experience 0.15 0.13 2.73E-01 17375 21173776 

Neuroticism -0.02 0.05 7.72E-01 170911 27089181 

Schizophrenia* 0.19 0.04 1.36E-05 77096 25056061 

Subjective well being 0.20 0.07 7.80E-03 298420 27089181 

Years of schooling 2016 -0.06 0.03 7.98E-02 293723 27225129 

This table provides the results of the genetic correlation with the non-stratified GWAS. 

*represents significant correlations after Bonferroni correction. rg = genetic correlation, N = 

sample size, PMID = Pubmed ID, SE = standard error 

 

Table 6B: Sex stratified genetic correlations 

Phenotype 1 Phenotype 2 r g SE P-value PMID  

EQ-F Anorexia  0.48 0.12 8.56E-05 28494655 

EQ-M Anorexia  0.16 0.12 1.70E-01 28494655 

EQ-F Autism_PGC -0.05 0.09 5.75E-01 28540026 

EQ-M Autism_PGC -0.10 0.08 2.29E-01 28540026 

EQ-F Autism_iPSYCH -0.20 0.09 3.20E-02 NA 

EQ-M Autism_iPSYCH -0.30 0.08 3.00E-04 NA 

This table provides the results of the genetic correlation with the stratified GWAS. *represents 

significant correlations after Bonferroni correction. rg = genetic correlation, PMID = Pubmed 

ID, SE = standard error 

 

3.3.6 Bayesian genomic colocalization 

As there was a significant positive correlation between anorexia nervosa and the EQ, 

and schizophrenia and the EQ, we investigated if there are genomic regions that influence both 

phenotypes (colocalization) by estimating the bayesian posterior probability. We did not 
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identify any regions associated with empathy and either of the two conditions. The most 

significant region identified in this analysis was in Chr11p12, posterior probability = 0.78. The 

most significant SNPs in this region for both anorexia and empathy are intronic SNPs in the 

gene LRRC4C, which is implicated in excitatory synapse development (Seiradake et al., 2011; 

Y. S. Song, Lee, Prosselkov, Itohara, & Kim, 2013). Further, this gene is highly intolerant to 

loss-of-function mutations (probability of Loss-of-function Intolerance = 0.95). We did not 

identify any eQTLs in this region in neural tissues. These results are preliminary, and a cautious 

interpretation is warranted as the probability is influenced by the modest power of both the 

GWAS (Pickrell et al., 2016).  

3.4 Discussion 

This is the first GWAS to investigate the genetic correlates of self-reported empathy. 

We identified four significant genetic correlations with the EQ and psychiatric conditions and 

psychological phenotypes (autism, anorexia nervosa, schizophrenia, and extraversion), 

providing insights into the shared genetic correlates. We identify one significant SNP 

associated with the EQ in the non-stratified GWAS, though this result must be interpreted with 

caution. We further identified eleven SNPs of suggestive significance (P < 1x10-6). Males and 

females perform differently on the tests, but there was limited evidence of a sex-specific genetic 

architecture.  

We identified a significant negative genetic correlation between the EQ and autism 

using the iPSYCH dataset. Several studies have identified lower self-reported empathy in 

individuals with autism, and our results mirror these studies(Baron-Cohen et al., 2014; Baron-

Cohen & Wheelwright, 2004). Whilst the genetic correlation between the PGC_autism dataset 

and empathy was negative, this was not significant. The iPSYCH dataset has a few advantages 

over the autism PGC dataset. First, given that all the participants are from Denmark, the 

iPSYCH dataset is drawn from a genetically more homogeneous cohort in comparison to the 

autism PGC dataset. Second, the autism PGC dataset may have a loss in statistical power due 

to cohort heterogeneity (study design, ancestry differences, differences in sex ratio etc) in the 

meta-analysis. Third, the autism_iPSYCH dataset is larger than the autism_PGC dataset and 

has more statistical power (mean LDSR ɢ2 = 1.1 and 1.2 for the autism_PGC dataset and the 

autism_iPSYCH autism dataset respectively, limited inflation due to uncorrected population 

stratification for both datasets). Fourth, 83% (13580 out of 16350) of the GWAS sample 

consists of case-pseudocontrols in the PGC autism dataset, which reduces the statistical power 

further, and does not necessarily take into account subthreshold polygenic risk in parents 
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(Peyrot et al., 2016). Given all of this, we think that the iPSYCH dataset is a better 

representation of the autism risk in the general population and is statistically better powered.  

We also identified significant genetic correlations for the EQ with schizophrenia and 

anorexia nervosa. The empirical literature in general report deficits in cognitive empathy (Bora 

et al., 2008; Horan et al., 2015), but preserved or stronger affective empathy (Horan et al., 

2015; Lehmann et al., 2014) and emotional contagion/personal distress (Lehmann et al., 2014) 

in individuals with schizophrenia compared to controls. Studies with anorexia nervosa, on the 

other hand, have yielded mixed results. Some studies suggest preserved empathy (Hambrook, 

Tchanturia, Schmidt, Russell, & Treasure, 2008), some identify reduced cognitive 

empathy(Brewer, Cook, Cardi, Treasure, & Bird, 2015; Harrison, Sullivan, Tchanturia, & 

Treasure; Morris et al., 2014), and others identify greater emotional contagion/personal distress 

(Beadle, Paradiso, Salerno, & McCormick, 2013) in individuals with anorexia nervosa 

compared to controls. These studies are typically conducted in small samples, which may 

explain the different results in these heterogeneous conditions. Our results identify shared 

genetics between empathy and risk for schizophrenia and anorexia nervosa; the latter remained 

significant even after using the females-only EQ dataset. In Chapter 4, we report a significant 

genetic correlation between cognitive empathy (measured using the Eyes Test (Baron-Cohen, 

Wheelwright, Hill, et al., 2001) and anorexia nervosa, underscoring the importance of empathy 

as a genetic risk factor in anorexia nervosa. However, both cognitive empathy and anorexia 

nervosa are positively correlated with educational attainment (Duncan et al., 2017) (Chapter 

4), and it is possible that the correlation between cognitive empathy and anorexia nervosa may 

be mediated by educational attainment. Here, self-reported empathy is not correlated with 

educational attainment. Further, while cognitive empathy was not correlated with 

schizophrenia, self-reported empathy was positively and significantly correlated with 

schizophrenia, suggesting distinct roles for the two phenotypes in pathology. Schizophrenia 

and anorexia share significant positive genetic correlation (rg = 0.23±0.06) (Duncan et al., 

2017), and it is possible that the pleiotropy between these two conditions may, in part, be 

mediated by genetic variants that contribute to empathy. This needs to be tested. The modest 

power of the remaining psychiatric GWAS precludes the identification of significant genetic 

correlations with self-reported empathy. Together with the GWAS on cognitive empathy 

(Chapter 4), this study provides evidence for the distinct roles of different social processes in 

various psychiatric conditions.  
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Investigating genetic correlation results with psychological phenotypes and measures 

of cognition further helped elucidate the genetic correlates of self-reported empathy. The EQ 

was significantly correlated with extraversion and nominally correlated with subjective 

wellbeing and conscientiousness. Both extraversion and conscientiousness correlate with  

empathy (Melchers et al., 2016) which, in turn, contributes to subjective wellbeing (Bos et al., 

2016). Of the five personality factors, extraversion, conscientiousness and agreeableness have 

modest correlations with self-reported empathy (Melchers et al., 2016). We did not test for 

genetic correlation with agreeableness due to the low heritability of the trait. The direction of 

our genetic correlation results mirror observed phenotypic correlations and provide additional 

evidence for the positive role of self-reported empathy in subjective wellbeing.  

This is also the first study to provide estimates of additive heritability explained by all 

the SNPs tested for self-reported empathy, and approximately 11% of variance was explained 

by SNPs. One study, investigating the heritability of the reduced EQ (18 items) in 250 twin 

pairs, identified a heritability of 0.32 (Hatemi et al., 2015). The literature on the heritability of 

empathy and prosociality is inconsistent, with heritability estimates ranging from 0.20 (Davis 

et al., 1994) to 0.69 (Knafo-Noam, Uzefovsky, Israel, Davidov, & Zahn-Waxler, 2015), 

although a meta-analysis of different studies identified a heritability estimate of 0.35 (95% CI 

ï 0.21 ï 0.41) (Knafo-Noam & Uzefovsky, 2013). Our analysis therefore suggests that a third 

of the heritability can be attributed to common genetic variants. Like IQ (Bouchard, 2013), the 

heritability of empathy and prosociality behaviour changes with age (Davis et al., 1994). We 

did not investigate the effect of age on heritability in our study.  

 We did not find any significant differences in heritability between males and females. 

Further, the male-female genetic correlations for both the phenotypes were high. Despite the 

high genetic correlation, sex-specific correlations with anorexia nervosa were significant only 

for the females-only dataset. This suggests that the sex-specific genetic component of empathy 

can contribute differentially to psychiatric conditions. Several other factors may explain the 

observed phenotypic sex difference. For example, genetic variants for empathy may be 

enriched in sex-specific gene expression pathways. We conducted preliminary analysis by 

investigating if there is an enrichment in sex-differentially expressed genes in cortical tissue 

samples, but did not find significant enrichment. However, sex-specific gene expression is a 

dynamic process with both spatial and developmental differences (Chen et al., 2016; Shi et al., 

2016). Investigating across different tissues and developmental time points in well powered 

gene expression datasets will help better understand sex differences in empathy.  
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There are a few limitations that need to be taken into consideration in interpreting our 

results. The EQ is a self-report measure, and while it has excellent psychometric properties and 

construct validity, it is unclear how much of the intrinsic biological variation in this phenotype 

is captured by it. Further, while this is the largest GWAS to date of self-reported empathy, it 

still is only modestly powered, reflected in our inability to identify genome-wide significant 

loci. This modest statistical power influences subsequent analysis, and we highlight several 

nominally significant results for further investigation in larger datasets.  

In conclusion, the current study provides the first narrow sense heritability for empathy. 

While there is a highly significant difference on the EQ between males and females, heritability 

is similar, with a high genetic correlation between the sexes. We also identified significant 

genetic correlations between empathy and some psychiatric conditions and psychological 

phenotypes, including autism. This global view of the genomic architecture of empathy will 

allow us to better understand psychiatric conditions, and improve our knowledge of the 

biological bases of neurodiversity in humans. In Chapter 4, we turn to a GWAS of a 

performance test of cognitive empathy, to see how the genetic correlates of this autism-related 

phenotype differs to that underpinning self-reported empathy. 
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4. Genome-wide association meta-analysis of Cognitive Empathy 
 

4.1 Introduction 

Cognitive empathy, defined as the ability to recognize what another person is thinking 

or feeling, and to predict their behaviour based on their mental states, is vital for interpersonal 

relationships, which in turn is a key contributor of wellbeing. Cognitive empathy is distinct 

from affective empathy, the latter of which is defined as the drive to respond to anotherôs 

mental states with an appropriate emotion (Baron-Cohen, Wheelwright, Hill, et al., 2001). 

Difficulties in cognitive empathy have been found in different psychiatric conditions, 

particularly autism (Decety & Moriguchi, 2007). The dissociation between cognitive and 

affective empathy (the latter is often intact in autism, for example, whilst it is invariably 

impaired in antisocial personality disorder) suggests these have independent biological 

mechanisms.  

 

Differences in cognitive empathy have been identified in individuals with psychiatric 

conditions such as autism (Baron-Cohen et al., 2015), schizophrenia (Bora et al., 2008; 

Michaels et al., 2014), and anorexia nervosa (Calderoni et al., 2013). This includes either 

elevated or reduced cognitive empathy in comparison to neurotypical controls, either of which 

can contribute to difficulties in social interactions and wellbeing (Tone & Tully, 2014). 

However, although such alterations in cognitive empathy in psychiatric conditions are well 

established, little is known about the genetic correlates of cognitive empathy. For example, it 

is unclear to what extent differences in cognitive empathy are a genetic risk factor for 

developing various psychiatric conditions. Furthermore, as previous studies have often used 

self-report or performance tests, results from these studies may be influenced by the 

characteristics of the test and/or factors associated with the psychiatric conditions themselves. 

There is a need to use more objective, performance tests. In sum, from previous studies, it is 

difficult to tease apart the genetic and non-genetic contributions to performance in cognitive 

empathy, and how these relate to various psychiatric conditions.  

 

To address this gap, here we investigate the genetics of this aspect of social cognition 

using a well-validated test, the óReading the Mind in the Eyesô Test (Eyes Test). The Eyes Test 

is a brief online test where participants are shown photographs of the eye regions and have to 

identify the appropriate emotion or mental state they express (Baron-Cohen, Wheelwright, Hill, 
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et al., 2001). It has been widely used to investigate differences in cognitive empathy in a range 

of neuropsychiatric conditions including autism (Baron-Cohen et al., 2015), schizophrenia 

(Lam, Raine, & Lee, 2014), bipolar disorder (Cusi, Macqueen, & McKinnon, 2012), anorexia 

nervosa (Tapajóz Pereira de Sampaio, Soneira, Aulicino, & Allegri, 2013), and major 

depressive disorder (Berlim, McGirr, Beaulieu, & Turecki, 2012).  The NIMH Research 

Domain Criteria (RDoC) lists the Eyes Test as one of several important tests for characterizing 

variation in social processes, under the category of Perception and Understanding of Others 

(http://1.usa.gov/1Qs6MdI) (Lombardo et al., 2016). We conducted a genome-wide association 

meta-analysis of cognitive empathy in more than 89,000 individuals of European ancestry, and 

investigated both SNP-based and twin-based heritabilities. We further conducted bivariate 

genetic correlation analyses for psychiatric conditions, psychological phenotypes, and brain 

volumes. We finally conducted gene based enrichment analysis and investigate potential 

genetic sources of sex differences.  

4.2 Methods 

4.2.1 Participants 

23andMe: Research participants were customers of 23andMe, Inc., and have been 

described in detail elsewhere (Do et al., 2011; Tung et al., 2011). All participants completed 

an online version of the óReading the Mind in the Eyesô test (Eyes Test) (Baron-Cohen, 

Wheelwright, Hill, et al., 2001) online on the 23andMe research participant website (36 items). 

In total, 88,056 participants (44,574 females and 43,482 males) of European ancestry 

completed the Eyes Test and were genotyped. All participants provided informed consent and 

answered questions online according to 23andMeôs human subjects protocol, which was 

reviewed and approved by Ethical & Independent Review Services, an AAHRPP-accredited 

private institutional review board (http://www.eandireview.com). Only participants who were 

primarily of European ancestry (97% European Ancestry) were selected for the analysis using 

existing methods (Eriksson et al., 2012). Unrelated individuals were selected using a segmental 

identity-by-descent algorithm (Henn et al., 2012).  

Brisbane Longitudinal Twin Study (BLTS): In addition, 1,497 participants (891 females 

and 606 males) of Caucasian ancestry with genotype data from the BLTS completed the short 

version (14 questions) of the Eyes Test online as part of a study on genetic and environmental 

foundations of political and economic behaviors (Hatemi et al., 2015). Participant ages ranged 

from 18 to 73 (Mean = 37, s.d. = 14). All participants provided online consent and the study 

was approved by the QIMR Berghofer Human Research Ethics Committee.  Twin heritability 

http://1.usa.gov/1Qs6MdI
http://www.eandireview.com/
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was estimated from 749 twin individuals (including 122 complete monozygotic pairs and 176 

complete dizygotic pairs). 

4.2.2 Measures 

The óReading the Mind in the Eyesô Test (Eyes Test) is a brief questionnaire of 

cognitive empathy. Participants are shown scaled, black and white photographs of eye regions 

of actors and they have to choose the cognitive state portrayed from the four options provided. 

The Eyes Test has good test-retest reliability (Baron-Cohen et al., 2015; Fernández-Abascal, 

Cabello, Fernández-Berrocal, & Baron-Cohen, 2013; Vellante et al., 2013), and scores are 

unimodally and near-normally distributed in the general population. In the BLTS dataset, there 

was a modest test-retest correlation of 0.47 in 259 participants who retook the test after a gap 

of nearly two years. For each correct answer on the Eyes Test, participants score 1 point, so the 

scores ranged from 0 ï 36 on the full version of the Eyes Test and 0 ï 14 on the short version 

of the Eyes Test. 

 

4.2.3 Genotyping, imputation and quality control 

23andMe cohort: Complete details of genotyping of the 23andMe cohort is provided in 

Section 3.2.3. 

BLTS cohort: The BLTS participants were genotyped on Illumina Human610-Quad v1 

or HumanCoreExome-12 v1 chips. These samples were genotyped in the context of a larger 

genome-wide association project. Genotype data was screened for genotyping quality (GenCall 

< 0.7 from the Human610-Quad v.1 chip), individual and SNP call rates (< 0.95 and < 0.99 for 

exome markers on the HumanCoreExome-12 v1.0 chip), Hardy-Weinberg Equilibrium (P < 

10-6), and MAF (< 0.01). The data were checked for non-European ancestry, pedigree, sex, and 

Mendelian errors. Data from the two different chips were separately phased using SHAPEIT2  

and imputed to the 1000 Genomes reference panel (Phase 1 v3) using Minimac3 . After 

imputation SNPs with a MAF < 0.05% were excluded, leaving 11,133,794 SNPs for analyses. 

We further excluded SNPs with imputation r2  <  0.6 for meta-analysis.  

4.2.4 Association analyses 

Linear regression for the 23andMe cohort was performed for the Eyes Test scores using 

age, sex, and the first four ancestry principal components as covariates. For the sex-stratified 

analyses, sex was excluded as a covariate. The same regression model was used for the BLTS 

after accounting for relatedness using RAREMETALWORKER. Inverse variance weighted 
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meta-analysis was performed using Metal (Willer, Li, & Abecasis, 2010). Post meta-analysis, 

we excluded SNPs that were only genotyped in the BLTS cohort due to the small sample size, 

but included SNPs that were only genotyped in the 23andMe cohort. LD pruning was 

performed using Plink (Purcell et al., 2007) with an r2 of 0.1. We calculated the variance 

explained by each individual SNP (Hibar et al., 2015) using the following formula: 
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 is the proportion of variance explained by the SNP after accounting for the effects 

of the covariates, t is the t-statistic of the regression co-efficient, k is the number of covariates, 

and n is the sample size.  We corrected for winnerôs curse using an FDR based approach 

(Bigdeli et al., 2016). 

 

4.2.5 Heritability and genetic correlation 

We used the intercept from Linkage Disequilibrium Score regression (LDSR) to 

calculate genomic inflation in the meta-analysis due to population stratification (Bulik-

Sullivan, Loh, et al., 2015) (https://github.com/bulik/ldsc). SNP heritability and genetic 

correlation were calculated using LDSR. Difference in heritability between males and females 

was tested using: 

ὤ
Ὤ  Ὤ
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Where Z is the Z score for the difference in heritability for a phenotype, (h2
males -  

h2
females) is the difference SNP heritability estimate in males and females, and SE is the standard 

errors for the heritabilities. We calculated two-tailed P-values in R. We performed genetic 

correlation using summary GWAS data using LDSR. For all genetic correlation analyses, we 

used LD data from the North West European population as implemented in LDSR. Intercepts 

were not constrained in the analyses. We used Bonferroni correction to correct for multiple 

testing in the genetic correlation. We note that Bonferroni correction is likely to be conservative 

due to the reasonably high degree of phenotypic and genetic correlations between the 

phenotypes tested.  
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For genetic correlations, we used summary GWAS data for schizophrenia, bipolar 

disorder (Cross-Disorder Group of the Psychiatric Genomics Consortium, 2013), autism 

(Cross-Disorder Group of the Psychiatric Genomics Consortium, 2013), anorexia (Duncan et 

al., 2017), anxiety (Otowa et al., 2016), and depression (Cross-Disorder Group of the 

Psychiatric Genomics Consortium, 2013), that were downloaded from the Psychiatric 

Genomics Consortium website (http://www.med.unc.edu/pgc/downloads). Summary GWAS 

data for educational attainment measured through number of college years (Rietveld et al., 

2013), educational attainment (Okbay, Beauchamp, et al., 2016), and cognitive aptitude 

(Rietveld et al., 2014) were downloaded from the Social Science Genetic Association 

Consortium website (http://ssgac.org/Data.php). Cognitive aptitude is measured independent 

of knowledge of facts and words. Though the mental-state words provided in the Eyes Test are 

fairly common, we cannot completely discount the fact that word-knowledge may facilitate 

better performance on the test. Summary GWAS data for personality traits (de Moor et al., 

2012, 2015; van den Berg et al., 2016) were downloaded from the Genetics of Personality 

Consortium website: http://www.tweelingenregister.org/GPC/. Data for subcortical brain 

volumes (Hibar et al., 2015) were downloaded from the ENIGMA consortium website 

(http://enigma.ini.usc.edu/download-enigma-gwas-results/). We did not include data for 

amygdala volume in the analysis due to non-significant heritability estimates using LDSC. In 

addition, we used data for empathy measured using the Empathy Quotient, and data for 

Systemizing measured using the Systemizing Quotient from 23andMe, Inc. Data for the 

Borderline Personality Features GWAS were obtained from the authors of the paper (Lubke et 

al., 2014).  

4.2.6 Twin Heritability 

Twin heritability was estimated from 749 twin individuals (including 122 complete 

monozygotic pairs and 176 complete dizygotic pairs) in the BLTS using full information 

maximum likelihood in OpenMx (Boker et al., 2011) in R, which makes use of all available 

data.  All twins completed the short version of the Eyes Test, and for those who completed the 

test twice only their first attempt was included in analyses. ADE, ACE, AE, CE, and E models 

were fit to the data and fit indices compared to determine the best-fitting model. Standardised 

variance components are reported from the best-fitting model, the AE model and, for 

completeness, from the ADE and ACE models.  

http://www.med.unc.edu/pgc/downloads
http://ssgac.org/Data.php
http://www.tweelingenregister.org/GPC/
http://enigma.ini.usc.edu/download-enigma-gwas-results/
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4.2.7 Gene-based analyses and sex difference analyses 

We used MetaXcan (Barbeira et al., 2016) using tissue weights from the GTEx to 

perform gene-based analysis (https://github.com/hakyimlab/MetaXcan). MetaXcan uses 

summary statistics to perform gene based association analyses. It incorporates eQTL data from 

the GTEx consortium to infer gene level expression based on the summary GWAS statistics 

provided. This can be used to identify tissue-specific gene expression for the phenotype of 

interest. Here, we performed gene based analysis for the non-stratified GWAS meta-analysis 

for nine neural tissues: anterior cingulate cortex (BA24), caudate basal ganglia, cerebellar 

hemisphere, cerebellum, cortex, frontal cortex (BA9), hippocampus, hypothalamus, nucleus 

accumbens basal ganglia, and putamen basal ganglia, using gene-expression regression 

coefficients for these tissues from the GTEx project. This is based on tissues from 73 ï 103 

individuals. We chose neural tissues as cognitive empathy can be assumed to be a neural 

phenotype. As MetaXcan predicts expression level from SNP information, we filtered out 

genes whose correlation with predicted models of expression was < 0.01, as incorporated in 

MetaXcan. This helps guard against false positives, by removing genes whose expressions are 

poorly predicted by the model. We used an FDR based correction to correct for all the tests run 

across all the tissues.  

For sex-difference analysis, we ran MetaXcan on the sex-stratified analyses only for the 

cortical tissues. We focussed on the cortical tissue as it was relevant for the phenotype 

investigated and we had access to the list of sex-differentially expressed genes only from the 

cortex (Werling, Parikshak, & Geschwind, 2016). To check for overlap, we ran hypergeometric 

tests.  

Overlap between sexes: First, to identify overlap between the sexes for the phenotype, we 

identified nominally significant genes (P < 0.05) in the two sexes separately and checked for 

overlap among these lists after pruning the background gene-lists to a common set of genes for 

both the sexes. We used a program available online to calculate both the overlap and the P-

value of the overlap available here: http://nemates.org/MA/progs/overlap_stats.html. The test 

performed is a normal approximation of an exact hypergeometric test. 

Hypergeometric tests are usually performed using 4 different lists. Let 

a = list of genes in set a; 

b = list of genes in set b; 

x = list of overlapping genes in sets a and b, i.e. a intersection b, and 

http://nemates.org/MA/progs/overlap_stats.html
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n = total list of background genes (note, this is different and usually larger than a union b).  

Sets a, b, and x must be subsets of set n.  

To identify overlap between sexes, a was the number of nominally significant genes in males-

only Eyes Test GWAMA identified using MetaXcan, b was the number of nominally 

significant genes in the females-only Eyes Test GWAMA identified using MetaXcan, x was 

the overlapping genes between the two sets, and n was the set of common genes in the gene-

based analyses of the males-only GWAMA and the gene based-analysis of the females-only 

GWAMA. 

Sex-differentially expressed enrichment analyses: We performed hypergeometric tests to 

investigate if nominally significant genes for the Eyes Test in the sex-stratified GWAS are 

enriched for sex-differentially expressed genes. We wanted to check if genes that are nominally 

significant for the sex-stratified GWAMA of the Eyes Test are significantly enriched for genes 

that have sex-differential expression in the cortex.  

To conduct this analysis, we first used MetaXcan to conduct gene-based association for the 

two sex-stratified GWAS using tissue weights from the cortex tissue in the GTEx project. This 

generated a list of 5951 genes with P-values for the males-only GWAS and 6071 genes with 

P-values for the females only GWAS. We also used a list of sex-differentially expressed genes 

identified in the Cortex from Werling et al., 2016. We included only autosomal genes with a 

fold-difference >1, regardless of the P-value. We identified a list of common genes that were 

identified by both MetaXcan and were investigated in Werling et al., 2016, and this common 

set of genes were used as the background gene list n. From this list of n, we defined sets a, b, 

and x.  

For set a, we used genes with P < 0.05 in the gene-based association using MetaXcan. 

For set b, using a list of sex-differentially expressed genes identified in the Cortex from Werling 

et al., 2016, we identified all genes with a fold-difference of greater than 1.  

x was the intersection between sets a and b.  

We performed four different enrichment analyses (Eyes Test-male: male-expressed; Eyes Test-

female: male-expressed, Eyes Test-female: female-expressed; and Eyes Test-female: male-

expressed), and used a P-value threshold of 0.025 to identify any significant enrichment.   
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4.2.8 Data Availability 

Summary level data may be requested from 23andMe, Inc. and received subject to 

23andMe's standard data transfer agreement.  

 

4.3 Results 

4.3.1 Study overview 

In collaboration with 23andMe, Inc. and the Brisbane Longitudinal Twin Study (BLTS) 

cohort, we conducted three separate genome-wide association study meta-analyses 

(GWAMAs) of the Eyes Test: a males-only GWAS (n = 43,482), a females-only GWAS (n = 

44,574), and a non-stratified GWAS (n = 88,056). The study protocol is provided in Figure 1. 

All participants from the 23andMe cohort completed the full version of the Eyes Test online, 

comprising 36 questions (mean score = 27.47, s.d. = 3.67), while participants from the BLTS 

cohort completed the short version of the Eyes Test (14 questions, mean = 8.85, s.d. = 2.34). 

Scores on the Eyes Test were significantly associated with age and sex in the 23andMe cohort 

(age: -0.026±0.0007; P < 2.2x10-16, sex (females): 0.77±0.02; P < 2.2x10-16). 
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Figure 1: Schematic diagram of the study protocol 

 

88,056 Caucasian participants from 23andMe, Inc. completed the full version of the Eyes Test and were 

genotyped. An additional 1,497 Caucasian participants from the Brisbane Longitudinal Twin Study 

completed the short version (14 questions) of the Eyes Test and genotyped. Genome-wide association 

meta-analysis was performed on the combined cohort of 89553 participants. Three separate meta-

analyses were performed: males-only, females-only, and non-stratified. Subsequently, functional 

enrichment and gene-based analysis was performed for the non-stratified meta-analysis GWAS using 

the 23andMe dataset. SNP heritability and genetic correlation using LDSC was performed for the 

23andMe GWAS dataset. Sex differences were also investigated using the same dataset. In parallel, 

twin heritability was calculated from 749 twin individuals from the Brisbane Longitudinal Twin Study 

who had completed the short version of the Eyes Test.  
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4.3.2 Phenotypic properties of the short version of the Eyes Test 

All participants from the BLTS completed one of two versions of the short-version of 

the Eyes Test. 580 participants completed V1 (July 2008 to December 2009) of the short 

version of the Eyes Test, and 1141 participants completed V2 (July 2010 to November 2011) 

of the short version of the Eyes Test, totalling 1716 participants. Of these, 127 participants 

were not included in final analysis as they were not genotyped, 47 were not included as they 

were of non-Caucasian ancestry, and 45 were not included as they were missing data on the 

age covariate. 259 participants completed both V1 and V2 of the short version of the test. For 

these participants, we used scores from V1 of the test for the analysis to avoid a learning bias.  

14 questions were common to both the versions, and so, the final short version of the 

Eyes Test had only these 14 questions (Table 1).  In V1 of the test, participants had to choose 

the right answer from four different options describing various mental states. In V2, an 

additional ódonôt knowô option was provided as the fifth option. Both the images and the four 

options describing various mental states were the same across all three tests (complete Eyes 

Test, short Eyes Test V1, short Eyes Test V2). Scores on the short-version of the Eyes Test 

were unimodally and near-normally distributed. We visually inspected both the frequency 

histogram and the quantile-quantile plot (Figure 2) to determine the normalcy of the 

distribution. In addition, the measure of skewness (-0.44) and excess kurtosis (0.068) were 

within the acceptable range of ± 1 of a normal distribution. 

Figure 2: Frequency histogram (left) and Quantile-quantile plot of the scores on the 

short version (V2) of the Eyes Test.  
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Table 1:  Questions used in the three different versions of the Eyes Test 

Question 

Number Option 1 Option 2 Option 3 Option 4 

Sex of 

the 

actor 

Full 

version 

Short 

V1 

Short 

V2# 

% 

correct1 

example jealous panicked arrogant hateful M example  X    

1 playful  comforting irritated bored M X      

2 terrified upset arrogant annoyed M X X X 71 

3 joking flustered desire convinced F X      

4 joking insisting amused relaxed M X X X 69 

5 irritated sarcastic worried friendly M X      

6 aghast fantasizing impatient alarmed F X X    

7 apologetic friendly uneasy dispirited M X      

8 despondent relieved shy excited M X      

9 annoyed hostile horrified preoccupied F X      

10 cautious insisting bored aghast M X      

11 terrified amused regretful  flirtatious M X      

12 indifferent embarrassed sceptical dispirited M X      

13 decisive anticipating threatening shy M X      

14 irritated disappointed depressed accusing M X X X 55 

15 contemplative flustered encouraging amused F X      

16 irritated thoughtful  encouraging sympathetic M X X X 83 

17 doubtful  affectionate playful aghast F X      

18 decisive amused aghast bored F X X X 61 

19 arrogant grateful sarcastic tentative F X      

20 dominant friendly  guilty horrified M X      

21 embarrassed fantasizing confused panicked F X X X 78 

22 preoccupied grateful insisting imploring F X      

23 contented apologetic defiant curious M X X X 39 

24 pensive irritated excited hostile M X      

25 panicked incredulous despondent interested F X      

26 alarmed shy hostile anxious M X X X 58 

27 joking cautious arrogant reassuring F X X    

28* interested joking affectionate contented F X X X 57 

29 impatient aghast irritated reflective F X X X 68 

30 grateful flirtatious  hostile disappointed F X      

31 ashamed confident joking dispirited F X      

32 serious ashamed bewildered alarmed M X X X 72 

33 embarrassed guilty fantasizing concerned M X      

34 aghast baffled distrustful  terrified F X X X 61 

35 puzzled nervous insisting contemplative F X X X 60 

36 ashamed nervous suspicious indecisive M X X X 75 
1 Number of participants who chose the correct option in the BLTS Cohort. Data 

unavailable for the 23andMe cohort. * The second option changed to óinsistingô in V1 and V2 

of the short version of the test.  #In addition, all questions in the V2 of the short version of the 

test had an additional óDonôt Knowô option.  



 

 92 

We next calculated if the valence of the items was significantly different between the 

two versions of the test (full version and short version). We divided all the items into three 

different valences : Positive, negative, and neutral (Harkness, Sabbagh, Jacobson, Chowdrey, 

& Chen, 2005). In the full version of the test, there were 8 positive items, 12 negative items, 

and 16 neutral items. In the short version of the test, there were 3 positive items, 7 negative 

items, and 4 neutral items, indicating an excess of negative items and a deficit of neutral items. 

A chi-square test did not indicate that there was a significant difference in the valence of the 

two versions of the test. However, we cannot completely rule out that the difference in valences 

between the two phenotypes can affect the genetic architecture between the two different 

GWAS datasets.  

We next investigated the correlation between the short Eyes Test and the full Eyes Test 

(adult version). To do this, we used data from control participants from the Cambridge Autism 

Research Database (CARD). We identified individuals who had completed the full version of 

the Eyes Test, did not indicate that they had a psychiatric diagnosis, did not have anyone in the 

immediate family (parents, siblings, and children) with an autism diagnosis, and were above 

fifteen years of age. We excluded participants who had more than 3 missing answers (i.e. > 

10% missing). In total, we had 855 participants who met our criteria (276 males and 579 

females). Participant ages ranged from 16 ï 81 years.  For each participant, using data from the 

same test, calculated two sets of scores: a score using all 36 questions (full Eyes) and a score 

for 14 questions found in the short Eyes Test (short Eyes). There was a highly significant 

correlation between the two scores (r = 0.77; P < 2.2x10-16). Ideally, participants should 

complete two different versions of the Eyes Test, and the correlation must be calculated 

between the two different versions. However, we did not have access to these data. There was 

a unimodal and near-normal distribution for both the datasets as measured using visual 

inspection of frequency histograms and quantile-quantile plots.  

4.3.3 Genome-wide association meta-analyses 

GWAMA of the non-stratified and the males-only datasets did not identify any 

significant loci. In the females-only analysis, we identified one locus at 3p26.2 that was 

significant at a threshold of P < 5x10-8.  This locus contains 21 significant SNPs in high LD 

with the leading SNP rs7641347 (Figure 3), with concordant effect direction for 19 SNPs in 

the 23andMe and BLTS datasets. The leading SNP rs7641347 (Pmeta = 1.58 x 10-8) explained 

0.067% of the total variance, or 0.013% of the total variance after correcting for winnerôs curse 

(Bigdeli et al., 2016). Of the two SNPs with discordant effects in the two datasets, rs114076548 
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was the most-significant SNP in the 23andMe dataset and had P = 6.49x10-9. We did not 

identify any inflation in the P-values of the GWAMA due to population stratification using 

LDSR (intercept = 1.01 ± 0.007). The intercept for the non-stratified GWAMA was 1.01 

(0.006), for the males-only GWAMA was 1.006 (0.006), and for the females-only GWAMA 

was 1.005 (0.006). 

 

Figure 3: Manhattan plot and regional association plot for the Eyes Test (females) meta-

analysis GWAS 

 

A. Manhattan plot of the Eyes Test meta-analysis (female). X axis is the chromosomal position of the 

SNP, and Y axis is the negative logarithm of the P-value. The red line indicates genome-wide significant 

threshold of 5x10-8. Lead SNP for all loci with P < 1x10-6 is provided. n = 44,574, and ɚgc = 1.05. 

LDSR intercept =  1.05. Regional association plot of the significant locus for the Eyes Test (females) 

meta-analysis. 
   

 

The leading SNP (rs7641347) is located in an intron of SUMF1 and was nominally 

significant in the non-stratified analysis (Pmeta = 1.1x10-5), but non-significant in the males-

only analysis (Pmeta = 0.49). In addition, SNPs in high LD (r2 > 0.8) were also not nominally 

significant in the males-only analysis. Together, all 21 SNPs span a region of approximately 

77kb of 3p26.2 (Table 2). At this locus, in addition to SUMF1, 2 other genes are present: 

Leucine Rich Neuronal 1 (LRRN1) and SET Domain and Mariner Transposase Fusion Gene 

(SETMAR). LRRN1 is highly expressed in brain tissues (Lonsdale et al., 2013), with median 

expression the highest in the putamen, nucleus accumbens and the caudate nucleus, all three of 

which are part of the striatum. Deletion of 3p26.1 and 3p26.2 can cause developmental delay, 

hypotonia and epileptic seizures and has been implicated in autism (Pinto et al., 2014).
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Table 2: All SNPs with P < 1x10-6 from the females-only meta-analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

EA: 

Effect allele, OA: Other allele, Chr = chromosome, BP = position, *represents SNPs with discordant effect direction between the discovery and 

the replication cohorts.  

SNP EA OA 

freq 

EA Chr BP 

Meta-analysis Discovery Replication 

Effect SE P (E-08) Effect SE P Effect SE P 

rs1488445 a g 0.97 3 3920844 0.41 0.08 4.01E-08 0.41 0.08 5.73E-08 0.34 0.40 0.39 

rs1843296 c g 0.97 3 3924207 0.41 0.08 3.44E-08 0.41 0.08 5.46E-08 0.40 0.43 0.34 

rs1485203 c g 0.03 3 3924580 -0.41 0.08 3.41E-08 -0.42 0.08 5.40E-08 -0.40 0.42 0.34 

rs4685699 a g 0.03 3 3925167 -0.41 0.08 3.34E-08 -0.42 0.08 5.25E-08 -0.40 0.42 0.34 

rs1488448 a g 0.03 3 3926918 -0.41 0.07 3.16E-08 -0.41 0.08 5.29E-08 -0.42 0.42 0.31 

rs116426915* t c 0.02 3 3928282 0.48 0.09 3.42E-08 0.50 0.09 1.40E-08 -0.12 0.46 0.78 

rs4685704 a g 0.03 3 3930561 -0.41 0.07 3.10E-08 -0.41 0.08 5.13E-08 -0.41 0.41 0.32 

rs2218422 a c 0.97 3 3931044 0.41 0.07 1.65E-08 0.41 0.07 2.56E-08 0.38 0.42 0.35 

rs1844120 a g 0.97 3 3933270 0.43 0.08 3.22E-08 0.43 0.08 4.99E-08 0.38 0.41 0.35 

rs981190 a t 0.97 3 3934506 0.43 0.08 1.91E-08 0.43 0.08 2.55E-08 0.33 0.42 0.43 

rs73114886 t c 0.97 3 3935964 -0.42 0.08 4.03E-08 -0.43 0.08 3.66E-08 -0.17 0.42 0.68 

rs7641347 t c 0.03 3 3936632 0.42 0.07 1.58E-08 0.42 0.08 2.55E-08 0.39 0.41 0.33 

rs9799040 c g 0.03 3 3938639 -0.42 0.08 3.89E-08 -0.43 0.08 3.55E-08 -0.17 0.42 0.68 

rs73114890 t c 0.97 3 3941990 -0.42 0.08 4.03E-08 -0.43 0.08 3.61E-08 -0.17 0.42 0.69 

rs17038229 t g 0.97 3 3943462 -0.42 0.08 4.45E-08 -0.43 0.08 3.98E-08 -0.16 0.42 0.69 

rs901041 c g 0.97 3 3950030 0.42 0.07 2.29E-08 0.43 0.08 2.11E-08 0.18 0.42 0.67 

rs146190050 c g 0.03 3 3952266 -0.42 0.08 3.09E-08 -0.42 0.08 2.84E-08 -0.18 0.42 0.67 

rs181756740 a g 0.97 3 3955867 0.43 0.08 3.31E-08 0.44 0.08 2.80E-08 0.15 0.42 0.72 

rs61253298 c g 0.03 3 3956801 -0.43 0.08 3.07E-08 -0.44 0.08 2.59E-08 -0.15 0.42 0.72 

rs17038393 t c 0.03 3 3961721 0.42 0.08 3.40E-08 0.43 0.08 2.69E-08 0.12 0.42 0.77 

rs114076548* c g 0.99 3 4017677 0.58 0.10 2.45E-08 0.62 0.11 6.49E-09 -0.14 0.45 0.75 
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The most significant SNP in the males-only GWAS meta-analysis (rs4300633 in 

16p12.3, P = 9.11x10-8) explained 0.062% of the variance, and the most significant SNP in the 

non-stratified GWAS meta-analysis (rs149662397 in 17q21.32 P = 1.58x10-7) explained only 

0.029% of the variance. All LD pruned SNPs in the three GWAMA analyses with P < 1x10-6 

are provided in Table 3. The  QQ-plots for all the GWAS are provided in Figure 4. Manhattan 

plots for the non-stratified and the males-only GWAS are provided in Figure 5. QQ-plots for 

the most significant SNPs in the non-stratified and the males-only GWAS provided in Figure 

6. 

 

We also investigated the similarity between the two GWAS datasets (BLTS and 

23andMe), by investigating the direction of effects for all independent nominally significant 

(P < 0.05) SNPs. We calculated the proportion of SNPs with concordant effect direction in the 

two datasets in the stratified and the non-stratified GWAS datasets, and quantified the 

significance using 1-sided binomial sign test. For the non-stratified analyses, 65% of the SNPs 

had a concordant effect direction, 66% for the males-only analyses, and 70% for the females-

only analyses. All sign tests were significant (P < 2.2x10-16 for all three binomial sign tests). 

Gene-based analyses MetaXcan (Barbeira et al., 2016) for ten neural tissues (Methods)  

(Appendix: Table 6 ) and  partitioned heritability analyses for the non-stratified GWAS did 

not identify any significant results (Table 4). 
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Table 3: Independent SNPs with P < 1x10-6 from the GWAS studies 

SNP Chr  BP 

    Non-stratified Females_only Male-only 

EA OA Effect SE P Effect SE P Effect SE P 

rs10486743 7 42979942 a g 0.14 0.04 2.23E-03 -0.04 0.06 4.84E-01 0.32 0.07 6.52E-07 

rs111841153 6 151417895 a g -0.26 0.08 1.32E-03 0.06 0.11 5.81E-01 -0.57 0.12 7.58E-07 

rs149662397 17 45058068 t g 0.18 0.04 1.58E-07 0.22 0.05 4.11E-06 0.15 0.05 4.38E-03 

rs2213309 6 33077478 t c 0.05 0.02 3.61E-03 0.12 0.02 8.44E-07 -0.02 0.03 5.50E-01 

rs34127688 10 28812111 t c 0.17 0.05 1.37E-03 0.36 0.07 9.24E-07 -0.02 0.08 7.55E-01 

rs40836 16 28510537 a g 0.07 0.02 5.50E-05 0.12 0.02 4.10E-07 0.02 0.03 4.80E-01 

rs4300633 16 17914135 t c -0.09 0.02 4.63E-07 -0.04 0.02 8.17E-02 -0.14 0.03 9.11E-08 

rs6866984 5 161297795 a g -0.12 0.02 3.15E-07 -0.10 0.03 1.84E-03 -0.13 0.03 6.06E-05 

rs7641347 3 3936632 t c 0.24 0.05 1.10E-05 0.42 0.07 1.58E-08 0.05 0.08 4.95E-01 

rs9302534 16 18048710 t c 0.09 0.02 1.96E-07 0.05 0.02 3.02E-02 0.13 0.03 2.62E-07 

EA: Effect allele, OA: Other allele, Chr = Chromosome, BP = position 
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Figure 4: QQ-plots for all the GWAMAs 

 

 

Quantile-quantile plots for the non-stratified GWAMA (A), the females-only GWAMA (B), and 

the males-only GWAMA (C). n = 89553, ɚgc = 1.089, LDS intercept = 1.01 and for the non-

stratified GWAMA. n = 44,574,  ɚgc = 1.05, LDS intercept = 1.005 for the females only GWAMA. 

n = 44088, ɚgc = 1.06, LDS intercept = 1.006 for the males-only GWAMA.  

 

 

Figure 5: Manhattan plot of Eyes Test meta-analysis 

 

Manhattan plots for the non-stratified GWAMA (A), and the males-only GWAMA (B). n = 

89553 and ɚgc = 1.089 and for the non-stratified GWAS. n = 44088 and ɚgc = 1.06 for the 

males-only GWAS.  
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Figure 6: Locus zoom plots for the most significant loci in the non-stratified and the 

males-only loci 

 

 

Locus zoom plots for the most significant SNP in the males-only GWAS (A) (rs4300633, P = 

9.11x10-8), and the non-stratified GWAS (B) (rs149662397, P = 1.58x10-7). 

 



 

 99 

Table 4: Partitioned heritability results for the Eyes Test GWAS 

Category Prop 

SNP 

Prop 

h2 

Prop 

h2 

SE 

Enri ch Enric

h SE 

Enrich P FDR P 

H3K9ac_Trynka.extend.500_0 0.23 0.65 0.17 2.83 0.76 1.39E-02 2.95E-01 

DGF_ENCODE.extend.500_0 0.54 0.96 0.19 1.77 0.35 2.68E-02 2.95E-01 

Conserved_LindbladToh.exten

d.500_0 

0.33 0.67 0.15 2.01 0.46 2.69E-02 2.95E-01 

TSS_Hoffman_0 0.02 0.21 0.09 11.43 5.01 2.97E-02 2.95E-01 

DHS_Trynka.extend.500_0 0.50 1.00 0.24 2.00 0.48 3.72E-02 2.95E-01 

H3K4me1_Trynka.extend.500

_0 

0.61 0.88 0.13 1.45 0.21 4.08E-02 2.95E-01 

H3K4me1_peaks_Trynka_0 0.17 0.74 0.30 4.30 1.78 5.55E-02 2.95E-01 

FetalDHS_Trynka.extend.500

_0 

0.29 0.72 0.23 2.53 0.82 5.76E-02 2.95E-01 

Enhancer_Hoffman.extend.50

0_0 

0.15 0.42 0.14 2.73 0.94 6.36E-02 2.95E-01 

UTR_3_UCSC.extend.500_0 0.03 0.15 0.07 5.45 2.57 7.16E-02 2.95E-01 

Conserved_LindbladToh_0 0.03 0.26 0.13 10.01 5.14 7.17E-02 2.95E-01 

H3K9ac_peaks_Trynka_0 0.04 0.34 0.17 8.78 4.43 7.20E-02 2.95E-01 

Repressed_Hoffman.extend.50

0_0 

0.72 0.57 0.08 0.79 0.12 7.77E-02 2.95E-01 

H3K4me3_Trynka.extend.500

_0 

0.26 0.50 0.15 1.96 0.57 8.24E-02 2.95E-01 

H3K9ac_Trynka_0 0.13 0.41 0.17 3.27 1.36 8.79E-02 2.95E-01 

Transcribed_Hoffman.extend.

500_0 

0.76 0.51 0.15 0.67 0.19 8.90E-02 2.95E-01 

H3K4me1_Trynka_0 0.43 0.71 0.22 1.67 0.52 1.91E-01 5.96E-01 

WeakEnhancer_Hoffman.exte

nd.500_0 

0.09 0.24 0.13 2.74 1.48 2.44E-01 7.18E-01 

CTCF_Hoffman.extend.500_0 0.07 -0.06 0.13 -0.81 1.84 3.11E-01 8.67E-01 

H3K4me3_Trynka_0 0.13 0.28 0.18 2.09 1.32 4.06E-01 9.10E-01 

UTR_5_UCSC_0 0.01 -0.03 0.04 -5.45 7.79 4.07E-01 9.10E-01 

FetalDHS_Trynka_0 0.08 0.30 0.26 3.50 3.06 4.14E-01 9.10E-01 

UTR_3_UCSC_0 0.01 0.06 0.06 5.28 5.47 4.37E-01 9.10E-01 

CTCF_Hoffman_0 0.02 0.13 0.14 5.38 5.78 4.50E-01 9.10E-01 
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H3K27ac_Hnisz.extend.500_0 0.42 0.34 0.12 0.80 0.28 4.59E-01 9.10E-01 

H3K27ac_Hnisz_0 0.39 0.30 0.12 0.78 0.32 4.69E-01 9.10E-01 

Intron_UCSC_0 0.39 0.44 0.07 1.13 0.19 4.78E-01 9.10E-01 

H3K27ac_PGC2.extend.500_0 0.34 0.44 0.14 1.30 0.42 4.81E-01 9.10E-01 

DHS_peaks_Trynka_0 0.11 0.31 0.31 2.73 2.75 5.27E-01 9.14E-01 

Promoter_UCSC.extend.500_0 0.04 0.08 0.07 2.06 1.77 5.52E-01 9.14E-01 

TFBS_ENCODE_0 0.13 0.25 0.22 1.92 1.64 5.73E-01 9.14E-01 

Transcribed_Hoffman_0 0.35 0.23 0.21 0.66 0.61 5.75E-01 9.14E-01 

Coding_UCSC.extend.500_0 0.06 0.02 0.09 0.29 1.37 6.06E-01 9.14E-01 

H3K27ac_PGC2_0 0.27 0.37 0.20 1.37 0.72 6.07E-01 9.14E-01 

TSS_Hoffman.extend.500_0 0.03 0.08 0.09 2.28 2.57 6.19E-01 9.14E-01 

WeakEnhancer_Hoffman_0 0.02 -0.03 0.12 -1.64 5.80 6.47E-01 9.14E-01 

Enhancer_Andersson.extend.5

00_0 

0.02 -0.01 0.08 -0.71 3.93 6.64E-01 9.14E-01 

SuperEnhancer_Hnisz_0 0.17 0.19 0.06 1.16 0.36 6.67E-01 9.14E-01 

UTR_5_UCSC.extend.500_0 0.03 0.00 0.06 0.10 2.11 6.73E-01 9.14E-01 

Promoter_UCSC_0 0.03 0.06 0.10 2.02 3.27 7.55E-01 9.72E-01 

DGF_ENCODE_0 0.14 0.04 0.31 0.33 2.27 7.66E-01 9.72E-01 

PromoterFlanking_Hoffman.e

xtend.500_0 

0.03 0.01 0.10 0.15 2.92 7.70E-01 9.72E-01 

TFBS_ENCODE.extend.500_

0 

0.34 0.29 0.19 0.86 0.54 7.91E-01 9.75E-01 

DHS_Trynka_0 0.17 0.23 0.35 1.38 2.07 8.53E-01 1.00E+00 

Coding_UCSC_0 0.01 0.03 0.08 1.98 5.74 8.65E-01 1.00E+00 

SuperEnhancer_Hnisz.extend.

500_0 

0.17 0.18 0.06 1.05 0.35 8.83E-01 1.00E+00 

Repressed_Hoffman_0 0.46 0.43 0.24 0.94 0.51 9.06E-01 1.00E+00 

Enhancer_Andersson_0 0.00 0.01 0.06 1.92 13.41 9.45E-01 1.00E+00 

Enhancer_Hoffman_0 0.06 0.07 0.16 1.13 2.54 9.60E-01 1.00E+00 

H3K4me3_peaks_Trynka_0 0.04 0.03 0.18 0.80 4.25 9.62E-01 1.00E+00 

PromoterFlanking_Hoffman_0 0.01 0.01 0.07 0.71 8.20 9.71E-01 1.00E+00 

Intron_UCSC.extend.500_0 0.40 0.40 0.06 1.00 0.16 9.85E-01 1.00E+00 

base_0 1.00 1.00 0.00 1.00 0.00 NA NA 

This table provides the results of the partitioned heritability analyses. h2 = Additive SNP 

heritability, SE = Standard error, P = P-value, Enrich = enrichment. 



 

 101 

4.3.4 Heritability analyses 

We used LDSR to calculate the heritability explained by all the SNPs in the HapMap3 

with minor allele frequency > 5%. We identified a significant narrow sense heritability of 5.8% 

(95% CI: 4.5% ï 7.2%; P = 1.00 x 10-17) in the non-stratified GWAS (Figure 7).  

We calculated twin heritability using twin pairs from the BLTS cohort. For this 

subsample of the BLTS, twin ages at the time of testing ranged from 18 to 31 years (M = 25.3, 

SD = 3.0). As described earlier, some twins completed the Eyes Test twice, for these 

participants only their first attempt was included in analyses. The distribution of the Eyes Test 

data was normal; 3 univariate outliers (< -3 SD) were excluded, and there were no bivariate 

outliers within each zygosity group. In total, data were available for 749 twin individuals, 

including 122 complete monozygotic twin pairs (74 female, 48 male), and 176 complete 

dizygotic twin pairs (60 female, 33 male, and 83 opposite sex pairs) plus 149 unpaired 

individuals whose responses nevertheless strengthen estimates of mean and variances. MZ 

correlation (r = .31) was more than twice the DZ correlation (r = .09), which suggests an ADE 

model would fit the data better than an ACE model.  Structural equation models were fit to the 

raw data using full information maximum likelihood estimation in OpenMx. A series of nested 

models indicated that means and variances could be equated across females and males, and MZ 

and DZ twins. Although age and sex could be dropped as covariates on the means without a 

significant loss of model fit, they were retained for consistency with the GWAS analyses and 

to reduce possible bias in parameter estimates. As ACE and ADE models are not nested, they 

were compared using Akaikeôs Information Criterion (AIC), and nested submodels (AC, AE, 

and E) were tested using the likelihood-ratio test (LRT). The AE model was the best fitting 

model, although the CE model for familial aggregation could not be formally rejected (p=0.07); 

model fitting statistics are reported in Table 5(a) and standardised parameter estimates for this 

model, and for the ACE and ADE models are shown in Table 5(b) along with their 95% 

confidence intervals. In this small sample, although there was ample power to detect genetic 

effects in a reduced model, there was low power in the full model to estimate C or D in the 

presence of A (or vice versa). Thus, while the total genetic variance is around 30% in all three 

models, the upper 95% confidence limit for C from the ACE model indicates that C could 

account for as much as 22% of variance. 

Our results are similar to predicted heritability estimates based on a previous meta-analysis of 

twin studies of empathy and prosocial behaviour (Knafo-Noam & Uzefovsky, 2013). 
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Figure 7: Mean scores and SNP heritability 

 

 

 

A. Mean phenotypic scores and standard deviations for the Eyes Test in the 23andMe cohort. Point 

estimate provides the mean score, and the error bars represent standard deviations. Difference in mean 

scores between males and females was highly significant (P < 2.2E-16; Cohenôs d = 0.21). Numbers in 

brackets indicate the number of participants in each GWAS. All: non-stratified GWAS; Females: 

Females-only GWAS; Males: Males-only GWAS. B. Mean SNP heritability estimates and standard 

errors for the Eyes Test in the GWAMA. Point estimate provides mean SNP heritability, and error bar 

represents standard errors. There was no significant difference in SNP heritability estimates between 

males and females (P = 0.79). Numbers in brackets indicate the number of participants in each 

GWAMA. All: non-stratified GWAMA; Females: Females-only GWAMA; Males: Males-only GWAMA 

 

Table 5A: Twin heritability analyses of the Eyes test short version using the BLTS 

cohort (14 items) 

Model Model 

AIC  -2LL  df 

Models LRT  

No. Type Compared æ-2LL  ædf p 

1 ADE 1702.025 3188.025 743 - - - - 

2 ACE 1702.632 3188.632 743 - - - - 

3 CE 1703.949 3191.949 744 3 vs. 2 3.317 1 0.069 

4 AE 1700.632 3188.632 744 4 vs. 1 0.607 1 0.436 

5 E 1711.615 3201.615 745 5 vs. 1 13.590 2 0.001 
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Table 5B: Standardised variance components with 95% CIs for the ACE, ADE, and AE 

models 

Model 

No. 

Model A D C E 

Type 
Variance (95% 

CI)  

Variance (95% 

CI)  

Variance 

(95% CI) 

Variance (95% 

CI)  

1 ACE 0.28 (0 - 0.42) NA 0 (0 -  0.22) 0.72 (0.58 - 0.87) 

2 ADE 0.05 (0 - 0.41) 0.26 (0 - 0.46) NA 0.69 (0.54 - 0.86) 

3 AE 0.28 (0.13 - 0.42) NA NA 0.72 (0.58 - 0.87) 

ADE and ACE are not nested models and were compared using AIC, where a lower value 

indicates a better fitting model. AE, CE, and E models are nested within the ADE and/or ACE 

models and were compared to the fuller model with the likelihood ratio test (LRT). A non-

significant p-value from the LRT indicates the submodel is an acceptable fit to the data. 

Although D could be dropped from the ADE model without a significant loss of fit, A and D 

could not, indicating significant genetic effects on variation in the Eyes Test.  

 

4.3.5 Genetic correlation 

We next investigated how the non-stratified Eyes Test is genetically correlated to 

psychiatric conditions and specific psychological and cognitive phenotypes for which summary 

GWAS data were available (Table 6). After correcting for multiple testing (Bonferroni 

correction alpha = 2.08 × 10ī3), we identified significant positive genetic correlations between 

Eyes Test scores and the NEO-Five Factor Inventory measure of openness (rg = 0.54±0.14; P 

= 1.17 × 10ī4) (de Moor et al., 2012). We also identified significant positive correlations with 

different measures of cognition and education: college years (rg = 0.40±0.6; P = 2.48x10-11) 

(Rietveld et al., 2013), educational attainment (0.34±0.04; P = 3.7x10-17) (Okbay, Beauchamp, 

et al., 2016), and childhood cognitive aptitude (calculated as Spearmanôs g and is, hence, 

independent of word knowledge) (Benyamin et al., 2014) (rg = 0.34±10; P =1.3x10-3). In 

addition, we identified a significant positive genetic correlation between the Eyes Test scores 

and anorexia nervosa (Anorexia rg = 0.25±0.0; P = 1.9x10-3) (Figure 8). We did not identify a 

significant genetic correlation between autism and scores on the Eyes Test.  

We also investigated if subcortical brain volumes are correlated with performance on 

the Eyes Test. We used data from the ENIGMA consortium for six subcortical regions and 

intracranial volume (Hibar et al., 2015). We excluded the amygdala, even though it is relevant 

for social cognition, as the low heritability of the amygdala could not be accurately quantified 

using LDSR23. None of the correlations were significant after Bonferroni correction. However, 

we identified nominally significant positive correlation between the Eyes Test scores and the 
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volumes of the caudate nucleus (Hibar et al., 2015) (rg = 0.24±0.09; P = 9.2x10-3) and volume 

of the putamen (rg = 0.21±0.08; P = 0.013), which together form the dorsal striatum.  

 

Table 6: Genetic correlations 

Phenotype r g SE P FDR P N 

Caudate nucleus 0.25 0.09 9.25E-03 3.30E-02 11,624 

Hippocampus -0.08 0.12 5.20E-01 6.19E-01 11,621 

ICV 0.12 0.11 2.68E-01 4.19E-01 9,826 

Nucleus Accumbens 0.21 0.15 1.54E-01 2.95E-01 11,603 

Pallidum 0.04 0.12 7.49E-01 7.49E-01 11,595 

Putamen 0.21 0.08 1.33E-02 4.14E-02 11,598 

Thalamus -0.06 0.12 6.14E-01 6.75E-01 11,646 

Anorexia* 0.25 0.08 1.90E-03 9.48E-03 14,477 

Anxiety -0.25 0.15 1.02E-01 2.11E-01 17,310 

Autism 0.11 0.09 2.27E-01 3.79E-01 10,263 

Bipolar disorder 0.14 0.07 5.78E-02 1.44E-01 16,731 

Major Depressive Disorder 0.13 0.11 2.22E-01 3.79E-01 16,610 

Schizophrenia 0.07 0.04 8.11E-02 1.84E-01 79,845 

Agreeableness 1.13 1.20 3.49E-01 4.36E-01 17,375 

Borderline personality disorder features -0.27 0.55 6.21E-01 6.75E-01 7,125 

Childhood cognitive aptitude* 0.34 0.10 1.20E-03 7.50E-03 12,441 

College years* 0.40 0.06 2.48E-11 3.10E-10 95,427 

Conscientiousness 0.15 0.15 3.19E-01 4.33E-01 17,375 

Educational attainment* 0.34 0.04 1.49E-17 3.73E-16 328,917 

Empathy 0.18 0.07 7.54E-03 3.14E-02 46,861 

Extraversion -0.03 0.09 6.92E-01 7.21E-01 63,030 

Neuroticism -0.10 0.11 3.28E-01 4.33E-01 63,661 

Openness* 0.54 0.14 1.17E-04 9.73E-04 17,375 

Systemizing 0.07 0.07 3.29E-01 4.33E-01 51,564 

*Significant genetic correlations after Bonferroni correction. rg = genetic correlation, 

SE = Standard error, P = P-value, FDR P = FDR adjusted P, N = sample size.  

 



 

 105 

Figure 8: Genetic correlations between the Eyes Test and psychiatric conditions, 

psychological phenotypes and subcortical brain volumes 

 

Genetic correlations and standard errors for the Eyes Test in the 23andMe cohort. Figures above the 

bars represent P-values. All P-values with p < 0.05 provided. * represents significant genetic 

correlations after Bonferroni correction. Point estimate represents the genetic correlation, and the 

error bars represent the standard errors. BPD features is borderline personality disorder features, 

ICV is intracranial volume. We have removed the genetic correlation for agreeableness from this 

figure due to the high standard errors.  
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We also investigated sex-stratified genetic correlations between the Eyes Test and 

educational attainment, the only relevant phenotype where we had access to sex-stratified data. 

We identified a modest, significant genetic correlation between educational attainment and the 

Eyes Test in the males-only dataset: rg = 0.23±0.05; P = 2.6x10-5. We identified a higher, 

significant genetic correlation between educational attainment and Eyes Test in the females-

only dataset: rg = 0.39±0.06; P = 5.88x10-11. These results suggest that females share greater 

pleiotropy between general cognition and cognitive empathy than males, indicating different 

genetic mechanisms for the development of cognitive empathy. 

 

4.3.6 Sex differences 

We also investigated sex-differences in the Eyes Test. There was a significant female 

advantage on the scores of the full Eyes Test (males = 27.08±3.75; females = 27.85±3.55; 

cohenôs d = 0.21, P < 2x10-16), replicating previous results (Kirkland, Peterson, Baker, Miller, 

& Pulos, 2013) (Figure 7). 

We also investigated sex-difference in the short Eyes Test. On average, women scored 

significantly higher than men (8.99, sd = 2.30 and 8.66, sd = 2.41; P = 0.019; Cohenôs d = 

0.152). As this included participants on both versions of the short test, we also checked if there 

was a significant difference in the sex-ratio between V1 and V2 of the test, to account for the 

potential facilitation effect seen in V2. A chi-square test showed that there was no significant 

difference in the number of male and female participants between the two versions of the test 

(chi-square = 0.73; two-tailed P = 0.39). The ratio of males to females was the same in both 

the versions of the test (0.66).  

 There was no significant difference in males-only or females-only SNP heritability 

estimates (males = 0.071±0.011, females = 0.067±0.011; P = 0.79) (Figure 7). There was a 

reasonably high but incomplete genetic correlation between males and females (rg = 0.68±0.12; 

P = 2.70x10-8). This is significantly different from 1 (P = 0.003, one-sided Wald Test).  

Binomial sign test of LD-pruned nominally significant SNPs in the sex-stratified analyses 

identified that 61% (95% CI: 59% - 62%) of the SNPs had a concordant effect direction (P < 

2.2x10-16). We further investigated the effect direction and statistical significance of all 

independent SNPs with P < 1x10-6. SNPs that were of suggestive significance in one sex were 

not nominally significant in the other (Table 3 and Figure 9), which was supported by 

Cochranôs Q-value. However, the effect sizes of these SNPs are likely to be inflated by 
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winnerôs curse, and after correcting for winnerôs curse, we did not identify significant 

Cochranôs Q-value (Table 3). 

 

Figure 9: Effect direction for independent suggestive SNPs (P < 1x10-6)  

 

Point estimates are effect sizes (uncorrected for winnerôs curse) from the GWAMA and bars 

represent standard errors. P-values provided for each SNP 
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Using MetaXcan (Barbeira et al., 2016) we identified the top cortically expressed genes 

(P < 0.05) for both sexes and calculated the overlap in the genes. First, for the overlap in top 

genes between males and females for the Eyes Test, we identified all nominally significant 

genes ( P < 0.05) in the cortex using MetaXcan (Barbeira et al., 2016). To identify the 

background gene set, we overlapped all the genes for males and females after filtering out genes 

whose correlation with predicted models of expression was < 0.01 and where there were zero 

SNPs from our dataset.  We did not find any enrichment in gene overlap (Fold difference = 

1.2, P = 0.26).  

Figure 10: Overlap of top genes in males and females (Eyes Test) 

 

We identified cortical genes associated with the phenotype using MetaXcan for each sex using 

the sex-stratified GWAS and compared the number of nominally significant genes that are 

common to both the sexes. Total number of genes is 4738, yellow circle represents the 

nominally significant genes in Females, blue circle represents the nominally significant genes 

in males. The overlap is given in the shaded green portion in the middle. Fold difference = 1.2; 

P = 0.264. 

We also investigated if there was an enrichment of female-overexpressed or male-

overexpressed cortical genes for the Eyes Test. For the overlap in sex-differentially expressed 

genes, we used the discovery dataset from Werling et al. (2016) (Werling et al., 2016), which 

was from the BrainSpan project. For the background gene set, we used all the genes identified 

in MetaXcan for the Eyes Test (males or females), as we reasoned that all known genes were 

covered in the RNA sequence analysis of human cortical tissues in the BrainSpan project. We 

used only cortical gene-expression from the MetaXcan results. In total, we conducted 4 

separate enrichment analysis: Eyes Test-male: male-expressed; Eyes Test-female: male-

expressed, Eyes Test-female: female-expressed; and Eyes Test-female: male-expressed. Figure 

3 provides the results of the enrichment analyses. We used a P-value threshold of 0.025 (0.05/2) 

to account for two different tests performed for each Eyes Test dataset. We did not identify any 

significant enrichment (Figure 11) (Appendix: Tables 7 ï 9 provide the results of the sex-
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stratified MetaXcan analyses, and the list of sex differentially expressed genes in the adult 

cortex). 

Figure 11: Sex-difference enrichment analyses  

 

A - Eyes Test-male: male-expressed; B - Eyes Test-male: female-expressed; C -Eyes Test-

female: male-expressed, and D - Eyes Test-female: female-expressed. Background gene 

numbers are provided in the white box. Overlap is provided in the green overlapping space.  

 

4.4 Discussion 

 This is the first large-scale genetic study investigating the genetic architecture of 

cognitive empathy. We investigated heritability estimates of the Eye Test in two samples. In 

our sample of 749 twin individuals (which included 122 complete MZ pairs and 176 complete 

DZ pairs), heritability was approximately 0.28 (95% CI: 0.13ï0.42). This is in keeping with 

previous studies that have investigated heritability of other facets of empathy in twins. A meta-

analysis of empathy in twins identified that approximately a third of the variance is heritable 

(Knafo-Noam & Uzefovsky, 2013). In our sample of 88,056 unrelated research volunteers from 

23andMe Inc, SNP-based heritability was estimated using LDSR, and approximately 5% of the 

phenotype was additively heritable. It is likely that heritability of cognitive empathy changes 

with age (which was significantly correlated with scores on the Eyes Test in this dataset), as is 

observed in prosocial behaviour (Knafo-Noam & Uzefovsky, 2013).  
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We identified significant positive genetic correlations with different measures of 

cognitive ability including educational attainment. This reflects the phenotypic correlation 

between measures of cognitive empathy and cognitive ability. A meta-analysis identified a 

significant positive correlation between scores on the Eyes Test and IQ (n = 3583; r = 0.24; 

95% CI: 0.16 ï 0.32) (Baker, Peterson, Pulos, & Kirkland, 2014), perhaps reflecting that the 

Eyes Test has a verbal component that includes a varied mental state lexicon (matching a 

mental state word to an emotional expression). Other tests of theory of mind are also positively 

correlated with cognitive aptitude and measures of intelligence (Buitelaar, van der Wees, 

Swaab-Barneveld, & van der Gaag, 1999; Charlton, Barrick, Markus, & Morris, 2009; Ibanez 

et al., 2013). This may reflect that theory of mind, and in particular joint attention in infancy, 

may facilitate language development and learning from others (Baron-Cohen, Baldwin, & 

Crowson, 1997). Theory of mind may also be related to cognitive aptitude and IQ because we 

often infer another personôs mental state through their speech ï speech is the óprint-outô of a 

personôs mind ï so verbal IQ and language skills may facilitate theory of mind and vice versa. 

We also found a significant positive genetic correlation with the NEO-Openness to experience 

which likely reflects a previous correlation at a phenotypic level between measures of empathy 

and personality (Magalhães, Costa, & Costa, 2012). With psychiatric conditions, there was a 

significant positive correlation with anorexia. One study identified that individuals with 

anorexia report higher personal distress (Beadle et al., 2013), a subscale on a widely used 

measure of empathy, whilst other studies have reported that deficits in social cognition in 

anorexia may be attributable to comorbid alexithymia (Brewer et al., 2015).  

 

We did not identify a significant genetic correlation between the Eyes Test and autism. 

This may be due to heterogeneity in performance in the Eyes Test, since only a subset of 

individuals with autism show impaired performance on the Eyes Test (Baron-Cohen et al., 

2015; Lombardo et al., 2016). In addition, the cognitive phenotype of autism involves non-

social aspects (such as excellent attention to detail), not just social deficits. A meta-analysis 

reported global or selective deficits in performance on the Eyes Test in individuals with 

schizophrenia, anorexia, bipolar disorder, and clinical depression, but preserved or even 

enhanced performance for individuals with non-clinical depression and borderline personality 

disorder (Dinsdale, Mokkonen, & Crespi, 2016). However, these studies are typically 

conducted in small sample sizes. Performance on the Eyes Test may be influenced by multiple 
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factors related to psychiatric conditions, and may not measure a direct causal relationship 

between psychiatric conditions and cognitive empathy.  

 

We also note the nominally significant genetic correlation between volume of the 

caudate nucleus and putamen and scores on the Eyes Test. Although the correlations were not 

significant after Bonferroni correction, this is of potential interest as neuroimaging studies have 

reported activation in both the putamen (Campanella, Shallice, Ius, Fabbro, & Skrap, 2014) 

and caudate nucleus (Kemp et al., 2013) during tasks of social cognition. In humans, the ventral 

striatum is composed of the nucleus accumbens and olfactory tubercle, whereas the dorsal 

striatum is composed of the caudate nucleus and putamen. There is some evidence to support 

the role of the striatum in theory of mind (Abu-Akel & Shamay-Tsoory, 2011), and further 

research is need to confirm that cognitive and affective empathy utilize different neural circuits. 

Using larger GWAS samples of subcortical brain volumes will help better understand if 

common genetic variants contribute to both volumes of the dorsal striatum and cognitive 

empathy. 

 

We also identified one locus that is significantly associated with empathy in females. 

The top SNP (rs7641347) had a P-value = 1.58x10-8. One of the closest gene, LRRN1, is highly 

expressed in striatum according to the GTEx database. However, we were unable to identify 

any eQTL that specifically linked this locus to the gene. LRRN1 is a gene that is not well 

characterized. In chicks, Lrrn1 is necessary for the formation of the mid-brain hind-brain 

boundary (Tossell et al., 2011). The locus was significant in females, nominally significant in 

the non-stratified analyses, and non-significant in the males-only analyses, suggesting a sex 

specific involvement of this locus in cognitive empathy measured using the Eyes Test. We note 

that even with approximately 90,000 individuals this GWAMA was underpowered to detect 

loci of significant effect, owing to the relatively low variance explained per SNP. Future 

research needs to investigate the functional significance of LRRN1 in human brain development 

and its role in neurodevelopmental conditions.  

 

 It is also interesting to note that while twin and SNP-based heritability did not vary 

between the sexes in our study, we replicated the female-advantage on the Eyes Test in the 

largest sample to date. Sex-stratified analyses also allowed us to investigate the genetic 

correlation between males and females, and subsequently, sex-specific imputed gene 

expression in cortical tissues. Male-female genetic correlation was only modest, which was 
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supported by a binomial sign test. In comparison, other phenotypes for which we had sex-

stratified data, genetic correlation was considerably higher (e.g., self-reported empathy 

(Chapter 3): rg = 0.82±0.16, systemizing (Chapter 7): rg = 1.0±0.16 ; educational attainment 

(Okbay, Beauchamp, et al., 2016) : rg = 0.91±0.02). We also did not identify a significant 

overlap between the genes identified for the sex-stratified GWAS. All of this suggests that 

there is some sex specificity in the genetic architecture of cognitive empathy. How this sex-

specific architecture is expressed and interacts with prenatal steroid hormones (Chapman et al., 

2006) will help shed further light on the biological contributions to the female superiority on 

the Eyes Test.  

 

In conclusion, we identify a genetic locus that is associated with scores on the Eyes 

Test in females. We identify significant positive genetic correlations between scores on the 

Eyes Test and four phenotypes: anorexia nervosa, cognitive aptitude and educational 

attainment, and openness to experience. Phenotypic sex-differences for the Eyes Test may be 

partly due to different genetic architectures in males and females, interacting with postnatal 

social experience. In Chapter 5, we turn to look at different measures of cognitive empathy, 

this time in adolescents, again from the perspective of GWAS. 
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5. Genome-wide association study of theory of mind in adolescents  
 

5.1 Introduction 

Theory of mind is the ability to attribute mental states to one self and others and to use 

such mental state attribution to make sense of behaviour and predict it. First order theory of 

mind refers to the ability to understand another personôs mental state (e.g., ñHe thinks xò). 

Second-order theory of mind is when theory of mind is applied recursively to understand what 

someone is thinking of another personôs mental state (e.g., ñHe thinks that she thinks xò). 

Typically, first order theory of mind develops in early childhood (by 3 to 4 years of age) (Frith 

& Frith, 2005), though precursors to theory of mind are evident at the end of infancy, around 

9-14 months of age, in behaviours such as proto-declarative pointing and gaze cueing (Baron-

Cohen, 1991). This suggests a developmental component to theory of mind, including a social 

learning component. Second-order theory of mind develops a little later, by age 5 to 6 years of 

age (Miller, 2009). Other studies have identified that infants are capable understanding mental 

states of others by investigating the looking-time towards óimpossibleô events (Onishi & 

Baillargeon, 2005). The development of theory of mind follows, by and large, consistent 

patterns, which are observed across cultures (Wellman, Cross, & Watson, 2001).  

 

Due to the complex nature of theory of mind, twin studies have identified different 

heritabilities for theory of mind and related phenotypes at different developmental stages. 

Heritability is also different for first-order and second-order theory of mind tasks. We note that 

no study has investigated the twin heritability of the task used in this study ï the Emotional 

Triangles Task (Triangles Task), a first-order test of theory of mind (Boraston, Blakemore, 

Chilvers, & Skuse, 2007). However, a few studies have investigated the twin heritability of 

other theory of mind tasks. A large study investigating the heritability of different theory of 

mind tasks in 1,116 5-year olds suggested that shared environmental influences rather than 

genetic factors contribute to most of the variance in these tasks (Hughes et al., 2005). Another 

study in 695 9-year-olds identified a small, but non-significant additive genetic component 

(Ronald, Viding, Happé, & Plomin, 2006). However, other studies have identified modest 

heritabilities in theory of mind and related phenotypes. A study based on parent-reports of 

childrenôs prosocial and antisocial behaviour requiring theory of mind in 2 ï 4 year olds 

identified a modest and significant heritability (Ronald, Happé, Hughes, & Plomin, 2005). In 

adults, cognitive empathy, measured using the óReading the Mind in the Eyesô Test (Eyes Test), 
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identified a significant twin heritability of approximately 28% (Warrier et al., 2017) (Chapter 

4).  

 

Difficulties in theory of mind have been identified in different psychiatric conditions. 

In autism, studies have identified that children with autism have difficulties in attributing 

mental states (Baron-Cohen, Leslie, & Frith, 1985), known as ómindblindnessô. This comes by 

degrees, rather than being all or none. This may reflect in children with autism developing 

theory of mind abilities later developmentally. Other studies have identified that adults with 

autism also have difficulties in theory of mind (Baron-Cohen, Wheelwright, Hill, et al., 2001; 

Jolliffe & Baron-Cohen, 1999). Similarly, a meta-analysis across multiple studies identified 

significant impairments in tasks involving theory of mind in individuals with schizophrenia 

(Popolo et al., 2016). Difficulties in theory of mind have also been identified in unipolar and 

bipolar disorders (Ang & Pridmore, 2009; Zobel et al., 2010), and eating disorders (Tapajóz P 

de Sampaio et al., 2013), and ADHD (Maoz, Gvirts, Sheffer, & Bloch, 2017). Studies also 

suggest that theory of mind is predicted by measures of cognition and working memory 

(Buitelaar et al., 1999; Mutter, Alcorn, & Welsh, 2006).  

 

These differences in performance on tests of theory of mind could be due to underlying 

biology, or due to other environmental processes that mediate performance on tests of theory 

of mind in individuals with psychiatric conditions. Here, we test the genetic correlates of first-

order theory of mind using the Emotional Triangles Task (Triangles Task) (Boraston et al., 

2007). In the Triangles Task, participants are required to attribute mental states to animated 

triangles (e.g., ñthe triangle is angryò). In the original version of this task, the participant is 

simply asked to describe what they see, and the spontaneous narratives are coded for the 

number and type of mental state attribution. In the version used in the current study, participants 

are asked to pick the right mental state (from one of four options in a forced choice format) 

based on motion cues of the triangles. The sample comprised 4,577 13 year olds from the Avon 

Longitudinal Study of Parents and Children on whom we had both genetic and phenotypic data 

after quality control. They took the Emotional Triangles task at adolescence, a period marked 

by key changes in neural architecture, in peer-relationship, and in hormonal profile (Paus, 

Keshavan, & Giedd, 2008; Whitaker et al., 2016). Interrogating the genetic relationship 

between theory of mind at this age and risk for psychiatric conditions with known difficulties 

in theory of mind (autism, ADHD, anorexia nervosa, bipolar disorder, depression, and 

schizophrenia) may identify genetic biomarkers for this developmental stage.  
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This study has three specific aims: 1. To determine the narrow-sense heritability of 

theory of mind in 13-year-olds, measured using the Emotional Triangles Task; 2. To identify 

any genes and genetic loci associated with the Triangles Task; and 3. To test if polygenic score 

for six psychiatric conditions (ADHD, anorexia, autism, bipolar disorder, depression and 

schizophrenia), cognitive aptitude, and two different measures of empathy (the EQ and the 

ñReading the Mind in the Eyesò Test (Eyes Test), Chapters 3 and 4) predict performance on 

the Triangles Task in 13-year-olds.   

  

5.2 Methods 

5.2.1Phenotype and participants 

Theory of mind was measured using the Emotional Triangles Task (Triangles Task) 

(Boraston et al., 2007). All participants were 13 years of age (born in April 1991- Dec 1992), 

and measures were collected as a part of the ongoing study - the Avon Longitudinal Study of 

Parents and Children (ALSPAC). Data was queried using the fully searchable data dictionary, 

which is available online here: http://www.bristol.ac.uk/alspac/researchers/access/. ALSPAC 

consists of 14,541 initial pregnancies from women resident in Avon, UK resulting in a total of 

13,988 children who were alive at 1 year of age. In addition, children were enrolled in 

additional phases, which are described in greater detail elsewhere (Boyd et al., 2013).  

 

The study received ethical approval from the ALSPAC Ethics and Law Committee, and 

written informed consent was obtained from parent or a responsible legal guardian for the child 

to participate. Assent was obtained from the child participants where possible. In addition, we 

also received ethical permission to use de-identified summary genetic and phenotype data from 

the Human Biology Research Ethics Committee at the University of Cambridge. All research 

was performed in accordance to the Helsinki Declaration.  

  

The Triangles Task is a test of theory of mind, where participants have to attribute 

mental states to non-living objects (animated triangles). Test-retest reliability of the mental 

state coding scheme has identified an interclass correlation of 0.69 and a technical error of 

measurement of 0.66 (Boraston et al., 2007). The Triangles Task consists of 28 questions (16 

scored questions and 12 control questions). In each question, a 5-second animation of a triangle 

is shown and a question is asked about the mental state of the triangle (e.g. Was the triangle 

angry?). Participants are asked to choose from 0 to 5 (a Likert-scale) to respond to the question, 

http://www.bristol.ac.uk/alspac/researchers/access/
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where 0 indicates that the triangle did not possess the mental state described in the question, 

and 5 indicates that the triangle definitely possessed the mental state described in the question. 

In total, four mental states were tested (happy, sad, angry, and scared). For each mental state, 

there were two positive questions, where the mental state of the triangle matched the mental 

state described in the question, and two negative questions, where the mental state of the 

triangle did not match the mental state described in the question (e.g. the triangle is shown to 

be happy, and the subsequent question is ñWas the triangle sad?ò). Hence, in total, there were 

16 questions that were scored. Control questions comprised of asking if the triangle was living, 

and participants, again, had to choose between 0 - 5.  

  

We calculated the total score by adding the score for all the positive questions and 

subtracting the score for the negative items. To avoid negative scores, we added 40 to the total 

score, giving the score a range from 0 - 80. We removed participants who had chosen the same 

answer for more than 50% of the items, suggesting that they were not attending to the task. 

This was done after carefully evaluating the options selected and the reaction times. We noticed 

that, for these participants: 1. The reaction time was minimal for three or more consecutive 

items at various points in the test 2. The same option was chosen for three or more consecutive 

items at various points on the tests, 3. The same option was chosen for both the positive and 

negative questions, and 4. The control questions were answered incorrectly at various points in 

the test. After removing these participants, we had genetic and phenotypic data on 4,948 

participants (n = 2,412 females, and n = 2,536 males).  

 

5.2.2 Genotyping and Imputation 

Genotyping and imputation was conducted by ALSPAC. All participants were 

genotyped using the Illumina HumanHap550 quad chip by 23andMe. GWAS data was 

generated by Sample Logistics and Genotyping Facilities at Wellcome Sanger Institute and 

LabCorp (Laboratory Corportation of America) using support from 23andMe. This resulting 

raw genome-wide data were subjected to the following quality control procedures: Individuals 

were removed with discordant gender information, if there was excessive or low genetic 

heterozygosity, if missingness was > 3%, and if they were of non-European ancestry as 

measured using multidimensional scaling analyses and compared with Hapmap II (release 22), 

and if there was evidence of cryptic relatedness (>10% IBD); SNPs were removed if they had 

a minor allele frequency < 1%, deviated from Hardy-Weinberg equilibrium (P < 5x10-7), and 

had a call rate < 95%.  This resulted in a total of 526,688 genotyped SNPs. Using SNP data 
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Gfrom mothers and children (477,482 common SNPs between mothers and children), 

haplotypes were estimated using ShapeIT (v2.r644) (Delaneau, Marchini, & Zagury, 2011). 

Imputation was performed using Impute2 V2.2 (Howie, Donnelly, & Marchini, 2009) against 

the 1000 genomes reference panel (Phase 1, Version 3), using all 2186 reference haplotypes 

including non-Europeans. Imputed SNPs were excluded from all further analyses if they had a 

minor allele frequency < 1% and info < 0.8, which resulted in a total of 8,282,911 SNPs.  

 

 

5.2.3 Genome-wide association analyses and gene based analyses 

We conducted a genome-wide association analyses (GWAS) on the total score on the 

Triangles Task. In addition to the quality control procedure described above, we conducted 

additional quality control steps for the participants included in this study.  We included only 

those SNPs with a minor-allele frequency > 1%. We excluded all SNPs that were not in Hardy-

Weinberg equilibrium (P < 5 x 10-7), had a per-SNP missing rate > 5%. Similarly, we excluded 

all individuals who had a genotype missing rate > 10%. We included sex and the first two 

genetic ancestry principal components. Regression analyses was run using a linear regression 

model in Plink 1.9 (Purcell et al., 2007). BGEN files were converted to Plink format using hard 

calls. Calls with uncertainty greater than 0.1 were treated as missing. After quality control, 

4,577 were included in the GWAS. 

 

 Gene-based and pathway analysis for Gene Ontology terms was conducted using 

MAGMA (de Leeuw et al., 2015). Significant genes were identified after Bonferroni correction 

(P < 2.74x10-6). Significant pathways were identified using Benjamini-Hochberg FDR 

corrected P-value < 0.05. 

  

5.2.4 Heritability and Polygenic risk scores 

SNP heritability was estimated using GCTA v1.26 GREML (Yang, Lee, Goddard, & 

Visscher, 2011) (REML) and LDSC (Bulik-Sullivan, Finucane, et al., 2015). For GCTA 

GREML, heritability was calculated after including sex and the first two genetic principal 

components as covariates. We investigated for inflation in chi-square statistics due to 

uncorrected population stratification using LDSC (Bulik-Sullivan, Finucane, et al., 2015). 

Given that the cohort comprised of unrelated individuals and individuals with cryptic 

relatedness were removed (IBD > 10%) during quality control of the raw genotype data, we 

calculated the genetic relatedness matrix using all individuals in the study. 
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Given the different polygenicity and power of the GWAS used as the training datasets, 

we constructed polygenic risk score using PRSice  (Euesden, Lewis, & OôReilly, 2015) at eight 

different P-value thresholds  (0.01, 0.05, 0.1, 0.15, 0.20, 0.5, 0.8 and 1.0). We chose these 

thresholds so as to balance the signal to noise ratio in GWAS results used as training datasets. 

Polygenic risk scores were constructed using summary data for 6 psychiatric conditions 

(ADHD (n = 55,374) (Demontis et al., 2017), anorexia (Duncan et al., 2017) (n = 14,477), 

autism (n = 15,954) (The Autism Spectrum Disorders Working Group of The Psychiatric 

Genomics Consortium, 2017), bipolar disorder (Sklar et al., 2011) (n = 16,731), major 

depressive disorder (Ripke et al., 2013) (n = 16,610), and schizophrenia (Ripke et al., 2014) (n 

= 79,845), cognitive aptitude (n = 78,803) (Sniekers et al., 2017), self-reported empathy (EQ, 

Chapter 3) (n = 46,861), and cognitive empathy (the Eyes Test, Chapter 4) (n = 89,553). We 

included sex, and the first two ancestry principal components as covariates for polygenic 

scoring. We did not include age as all participants were tested at approximately 13 years of 

age. We used a Benjamini Hochberg FDR correction to correct for the traits. 

 

5.2.5 Data availability 

Data were downloaded from the psychiatric genomics consortium website for the 6 

psychiatric conditions (http://www.med.unc.edu/pgc/results-and-downloads), and the 

Complex Traits Genomics website for cognitive aptitude 

(https://ctg.cncr.nl/software/summary_statistics). 

  

5.3 Results 

5.3.1Phenotypic distribution 

The range of the scores of the participants was 28 - 80. Inspection of the frequency 

histogram and quantile-quantile plot suggested a normal distribution (Figure 1). The mean 

score of the participants was 56.93 (SD = 7.43). Females scored significantly higher than males 

(Females: 57.68, SD = 7.43; Males: 56.22, SD = 7.36; P < 0.001, unpaired, two-tailed T-test), 

though the effect size was small (Cohenôs D = 0.19).  

http://www.med.unc.edu/pgc/results-and-downloads
https://ctg.cncr.nl/software/summary_statistics


 

 119 

Figure 1: Frequency histogram and Quantile-quantile plot of the scores on the 

Triangl es Task 

 

 
A. Frequency histogram of scores on the Triangles Task. B. Quantile-quantile plot of the 

scores on the Triangles Task.  

  

5.3.2 Genome-wide association analyses and heritability 

Genome-wide association analyses did not identify any significant SNP. The top SNP 

was rs2120452 (P = 6.8x10-7) on chromosome 1. The SNP lies in a non-coding RNA 

LOC105372904. The next top SNP (rs17753687; P = 8.6x10-7) is an intronic SNP in BBS4, a 

gene implicated in BardetïBiedl syndrome. Investigation of the QQ plots and LD score 

regression intercept did not reveal any inflation in effect sizes due to population stratification 

(LD score regression intercept = 0.99 ±0.0063). SNP heritability was small and nonsignificant 

(LDSR - h2
SNP = 0.13 ± 0.10; P = 0.16; GCTA - h2

SNP =  0.072±0.069; P = 0.29). Manhattan 

and QQ-plots are provided in Figure 2.  
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Figure 2: Manhattan plot and quantile-quantile plot of the GWAS of the Triangles Task 

 

 
 Manhattan plot of the Triangles Task GWAS (top). Y-axis is the -log10(P-value) for each 

SNP. X axis is the Chromosome.  Quantile-quantile plot of the Triangles Task GWAS 

(bottom).  

 

  

5.3.3 Gene-based and pathway analysis 

We conducted gene-based analysis using MAGMA, and did not identify and significant 

genes at a genome-wide P-value threshold of 2.74x10-6. The most significant gene was MARK4 

at 19q13.32 (P = 2.96x10-6). MARK4 is involved in phosphorylating microtubule associated 

proteins. It has high expression in the brain and in testes according to GTEx (Ardlie et al., 

2015). The list of genes and their P-values is provided in Appendix: Table 10. Pathway 

analyses also did not identify any significant pathways. The list of pathways is provided in 

Appendix: Table 11 
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 5.3.4 Polygenic risk score 

As the heritability was non-significant and low to conduct genetic correlation analyses, 

we conducted polygenic risk score with 6 psychiatric conditions, cognition, cognitive empathy 

and self-reported empathy. We conducted polygenic risk score at 8 P-value thresholds. We did 

not identify a significant polygenic score after FDR based correction for any of the six 

psychiatric conditions investigated (Figure 3). Overall, the polygenic scores predicted limited 

variance for psychiatric conditions (Table 1).  However, polygenic scores in both cognitive 

aptitude and cognitive empathy were significantly associated with scores in the Triangles Task 

across all the thresholds tested using after FDR correction. For cognitive aptitude and at two 

P-value thresholds for cognitive empathy, these results were significant even after using a more 

stringent, highly conservative Bonferroni correction  (Figure 3 and Table 1).  This likely 

reflects both the greater statistical power of the two datasets when compared to the other 

GWAS datasets in the condition and the underlying pleiotropy between theory of mind and 

cognition as previous studies have identified a modest, positive correlation between different 

measures of theory of mind and cognition (Peterson & Miller, 2012; Warrier et al., 2017) 

(Chapter 4). 
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Table 1: Results of the Polygenic score analyses 

 

Threshold P r2 FDR P Phenotype 

0.01 9.94E-01 1.37E-08 9.94E-01 Anorexia 

0.05 9.90E-01 3.40E-08 9.94E-01 Anorexia 

0.1 3.75E-01 1.70E-04 6.50E-01 Anorexia 

0.15 2.83E-01 2.49E-04 5.72E-01 Anorexia 

0.2 4.63E-01 1.17E-04 7.25E-01 Anorexia 

0.5 5.69E-01 7.03E-05 8.34E-01 Anorexia 

0.8 4.47E-01 1.25E-04 7.22E-01 Anorexia 

1 4.36E-01 1.32E-04 7.22E-01 Anorexia 

0.01 7.90E-01 1.54E-05 9.56E-01 Autism 

0.05 5.23E-01 8.86E-05 8.01E-01 Autism 

0.1 7.06E-01 3.08E-05 9.08E-01 Autism 

0.15 7.52E-01 2.17E-05 9.50E-01 Autism 

0.2 8.08E-01 1.27E-05 9.56E-01 Autism 

0.5 9.30E-01 1.69E-06 9.74E-01 Autism 

0.8 8.23E-01 1.08E-05 9.56E-01 Autism 

1 8.08E-01 1.27E-05 9.56E-01 Autism 

0.01 3.90E-02 9.24E-04 1.65E-01 ADHD 

0.05 1.33E-01 4.88E-04 4.86E-01 ADHD 

0.1 1.83E-01 3.85E-04 4.86E-01 ADHD 

0.15 1.28E-01 5.03E-04 4.86E-01 ADHD 

0.2 1.66E-01 4.15E-04 4.86E-01 ADHD 

0.5 1.53E-01 4.43E-04 4.86E-01 ADHD 

0.8 1.74E-01 4.01E-04 4.86E-01 ADHD 

1 1.69E-01 4.11E-04 4.86E-01 ADHD 

0.01 8.52E-01 7.54E-06 9.59E-01 BIP 

0.05 6.31E-01 5.01E-05 8.68E-01 BIP 

0.1 3.68E-01 1.76E-04 6.50E-01 BIP 

0.15 2.43E-01 2.96E-04 5.47E-01 BIP 

0.2 2.23E-01 3.23E-04 5.35E-01 BIP 

0.5 1.89E-01 3.73E-04 4.86E-01 BIP 

0.8 1.86E-01 3.79E-04 4.86E-01 BIP 

1 1.99E-01 3.57E-04 4.94E-01 BIP 

0.01 8.42E-01 8.59E-06 9.59E-01 Depression 

0.05 8.98E-01 3.56E-06 9.74E-01 Depression 

0.1 8.20E-01 1.13E-05 9.56E-01 Depression 

0.15 5.88E-01 6.36E-05 8.34E-01 Depression 

0.2 6.41E-01 4.71E-05 8.68E-01 Depression 

0.5 9.71E-01 2.88E-07 9.94E-01 Depression 

0.8 9.28E-01 1.76E-06 9.74E-01 Depression 
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1 9.33E-01 1.51E-06 9.74E-01 Depression 

0.01 2.95E-01 2.38E-04 5.74E-01 SCZ 

0.05 1.38E-01 4.76E-04 4.86E-01 SCZ 

0.1 1.46E-01 4.59E-04 4.86E-01 SCZ 

0.15 2.57E-01 2.78E-04 5.61E-01 SCZ 

0.2 2.81E-01 2.52E-04 5.72E-01 SCZ 

0.5 2.86E-01 2.47E-04 5.72E-01 SCZ 

0.8 3.19E-01 2.15E-04 5.89E-01 SCZ 

1 3.15E-01 2.19E-04 5.89E-01 SCZ 

0.01 7.06E-04 2.48E-03 4.62E-03 Cognitive empathy 

0.05 8.08E-04 2.43E-03 4.85E-03 Cognitive empathy 

0.1 3.38E-04*  2.78E-03 2.43E-03 Cognitive empathy 

0.15 1.34E-04*  3.16E-03 1.07E-03 Cognitive empathy 

0.2 2.78E-03 1.94E-03 1.25E-02 Cognitive empathy 

0.5 1.87E-03 2.10E-03 8.98E-03 Cognitive empathy 

0.8 1.15E-03 2.29E-03 6.37E-03 Cognitive empathy 

1 1.43E-03 2.20E-03 7.35E-03 Cognitive empathy 

0.01 5.75E-01 6.82E-05 8.34E-01 EQ 

0.05 8.79E-01 5.01E-06 9.74E-01 EQ 

0.1 4.51E-01 1.23E-04 7.22E-01 EQ 

0.15 2.39E-01 3.00E-04 5.47E-01 EQ 

0.2 3.79E-01 1.68E-04 6.50E-01 EQ 

0.5 5.91E-01 6.27E-05 8.34E-01 EQ 

0.8 6.69E-01 3.96E-05 8.76E-01 EQ 

1 6.51E-01 4.44E-05 8.68E-01 EQ 

0.01 2.13E-05*  4.56E-03 1.92E-04 Cognitive aptitude 

0.05 3.83E-09*  7.50E-03 5.52E-08 Cognitive aptitude 

0.1 1.87E-08*  6.83E-03 1.92E-07 Cognitive aptitude 

0.15 6.00E-09*  7.31E-03 7.20E-08 Cognitive aptitude 

0.2 3.54E-09*  7.53E-03 5.52E-08 Cognitive aptitude 

0.5 1.21E-09*  7.98E-03 4.13E-08 Cognitive aptitude 

0.8 1.72E-09*  7.83E-03 4.13E-08 Cognitive aptitude 

1 1.61E-09*  7.86E-03 4.13E-08 Cognitive aptitude 

 

*indicates significant polygenic score association after Bonferroni correction (P < 6.94x10-4)
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Figure 3: Polygenic score results at various P-value thresholds for the Triangles Task 

 

 
Height of bars (Y-axis) represent the model fit (R2). Numbers above bars represent P-values 

(FDR corrected).  X-axis represents the 8 P-value thresholds. Names of the GWAS datasets 

provided under the bar graphs. 
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 5.4 Discussion 

  We investigated the genetic correlates of first-order theory of mind, using the Triangles 

Task. In total, 4,577 13-year-olds completed the Triangles Task, making this the largest 

investigation of genetic correlates of theory of mind at a specific age. At a phenotypic level, 

the scores on the Triangles Task were normally distributed and we observed a small but 

significant female-advantage on the Triangles Task. This is similar to what has been observed 

in other studies of cognitive empathy (Kirkland et al., 2013) and facial expression processing 

(McClure, 2000).  

 

The current study finds limited evidence for a genetic contribution to the Triangles Task 

in 13-year-olds in this sample. Genome-wide association analyses did not identify any 

significant loci at P < 5x10-8. Further, gene-based analyses also did not identify any significant 

genes. We note here that the current study is statistically underpowered. Previous work on the 

genetics of cognitive empathy (Chapter 4), which is related to theory of mind had identified 

that the per-SNP variance explained for the most significant SNP was 0.013% after correcting 

for winnerôs curse (Warrier et al., 2017). Post-hoc power calculations suggest that a sample 

two orders of magnitude larger than the current sample would be required to identify genome-

wide significant loci, if the effect sizes are similar. This, however, is challenging given the 

nature of the task, which demands that participants spend at least half an hour to complete the 

task. We also note that we are statistically underpowered to identify significant additive SNP 

heritability, assuming a true additive SNP of 5% which is similar to the SNP heritability 

reported in Chapter 5. These calculations preclude us from conducting genetic correlation 

analyses using the current cohort. It is likely that given a sufficiently large sample size, we will 

identify both significant SNP heritability and significant loci.  

 

 

We also investigated if polygenic scores from 6 psychiatric conditions and cognitive 

aptitude and cognitive empathy predict performance on the Triangles Task. We used PRSice 

an investigated the predictive power of polygenic scores at eight different P-value thresholds 

providing reasonable resolution. We note that the sample sizes for the training GWAS set are 

varied. All the psychiatric conditions had more than 10,000 participants suggesting reasonable 

statistical power.  However, polygenic scores for none of the psychiatric conditions 

significantly predicted performance on the Triangles Task across the six different P-value 

thresholds. In contrast, polygenic scores for cognitive empathy as measured using the Eyes 
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Test, and cognitive aptitude significantly predicted variance in the Triangles Task, 

underscoring previously observed results in Chapter 4. We excluded educational attainment 

from the current analyses given that the summary GWAS data available for the educational 

attainment GWAS included participants from the ALSPAC and is likely to increase the 

probability of false positives.  

 

Our results indicate, that despite the reasonable statistical power of the training dataset, 

genetic risk for psychiatric conditions do not explain much of the variance in theory of mind 

ability in adolescents. We speculate that this must be due to different reasons. It is likely that 

the current task does not capture the entire variance in theory of mind. Indeed, as mentioned 

earlier, theory of mind is complex and designing a task to capture the intrinsic variance in 

theory of mind is challenging. The Triangles task only considers first order mental state 

attributions, and the range of mental states is very limited, compared to for example the 

óReading the Mind in the Eyesô test (Baron-Cohen, Wheelwright, Hill, et al., 2001). It is also 

likely that the difficulties in theory of mind observed in individuals with psychiatric conditions 

may be due to other processes that mediate theory of mind.  Interrogation of the genetic 

architecture of diverse phenotypes that contribute to social behaviour and theory of mind will 

help understand how they contribute to genetic risk for various psychiatric conditions. We can 

also not exclude the possibility that using either a larger training dataset and/or a larger target 

dataset will help improve the statistical significance of the polygenic score association. Finally, 

we cannot ignore non-biological contributors to theory of mind. Certainly, twin studies do 

suggest that for certain theory of mind tasks, the genetic contribution is negligible.  

 

Previous work from our lab (Chapter 4) investigated the genetic architecture of 

cognitive empathy measured using the óReading the Mind in the Eyesô test in a sample of more 

than 88,000 individuals of European ancestry (Warrier et al., 2017). Here we make several 

distinctions between the current study and the earlier study. First, the Triangle Task requires 

making inferences about mental states to animate non-social objects, while the Eyes Test 

requires identifying the mental state from photographs of human eyes. Second, the current 

study investigates the genetic architecture of Theory of Mind at a specific age of 13-years. This 

allows for interrogation of the genetic contribution in adolescence when individuals are 

particularly vulnerable to several psychiatric conditions.  
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In conclusion, we find a small genetic contribution to first-order theory of mind in 

adolescents. We find limited evidence that genetic variants that contribute to risk for 

psychiatric conditions predict variance in theory of mind ability in adolescents.  However, we 

do find that genetic variants contributing to cognitive aptitude and cognitive empathy are 

significantly associated with theory of mind ability in adolescence. We speculate that observed 

differences in theory of mind in individuals with psychiatric conditions may be due to both 

biological and non-biological factors, or other biological phenotypes that mediate performance 

on tasks of theory of mind. In Chapter 6, we turn to explore another social phenotype, social 

relationship satisfaction, and its genetic underpinnings.  
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6. Genome-wide association meta-analysis of social relationship 

satisfaction 
 

6.1 Introduction 

Difficulties in forming and maintaining social relationships are reported widely in 

psychiatric conditions (Cable, Bartley, Chandola, & Sacker, 2013; Greenberg, Rosenblum, 

McInnis, & Muzik, 2014; Stevens, McNichol, & Magalhaes, 2009; Teo, Choi, & Valenstein, 

2013). Positive social relationship satisfaction can both reduce the risk and ameliorate the 

severity of a psychiatric condition. In the DSM-5 (American Psychiatric Association, 2013), 

difficulties in social functioning is one of the criteria  for diagnosing conditions such as autism, 

anorexia nervosa, schizophrenia, bipolar disorder. Social relationship satisfaction is one of the 

contributors to subjective wellbeing, alongside other domains such as occupational, financial, 

and health satisfaction (Diener, E., Suh, E. M., Lucas, R. E., & Smith, 1999). However, very 

little is known about the genetic architecture of social relationship satisfaction, and if social 

relationship dissatisfaction genetically contributes to risk for psychiatric conditions. To our 

knowledge, there is no study that has investigated the twin heritability of social relationship 

satisfaction. A few studies have investigated the heritability of subjective wellbeing and have 

identified heritability estimates between 38 ï 50% (Lykken & Tellegen, 1996; Stubbe, 

Posthuma, Boomsma, & de Geus, 2005).  

 

Here we report the results of two genome-wide association studies (GWAS) of social 

relationship satisfaction in the UK Biobank. We focus on friendship satisfaction and family 

relationship satisfaction, measured using two questionnaires.  We leverage the high genetic 

correlation between the two phenotypes to: 1. Investigate the genetic correlates of friendship 

and family relationship satisfaction; 2. Identify the genetic correlation between these two 

phenotypes and select psychiatric conditions and psychological phenotypes; 3. Prioritize 

associated genes, and enriched gene sets and tissues for the two phenotypes; 4. Quantify cross-

phenotype polygenic predictive power of the two phenotypes.  

 

We identify two genetic loci associated with the phenotypes. We further identify 

significant genetic correlations with several psychiatric conditions, demonstrate an enrichment 

for brain tissues, and prioritize genes and gene sets for further investigation.  
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6.2 Methods 

6.2.1 Phenotypes and participants 

Participants were individuals from the UK Biobank. Participants were asked ñIn 

general, how satisfied are you with your family relationships?ò and ñIn general, how satisfied 

are you with your friendships?ò. Participants could choose one of eight options: ñExtremely 

happyò, ñVery happyò, ñModerately happyò, ñModerately unhappyò, ñVery unhappyò, 

ñExtremely unhappyò, ñDo not knowò, and ñPrefer not to answerò. We excluded individuals 

who responded: ñDo not knowò, or ñPrefer not to answerò The phenotypes were coded in three 

waves. We combined responses from three waves, and removed participants who had 

responded in more than one wave (N = 178,675 for family and N = 178,721 for friendship). 

Responses were recoded from 1 to 6 with 1 being ñExtremely unhappyò, and 6 being 

ñExtremely happyò. We removed participants who were not genotyped, who were not of 

ñBritish ancestryò, and had excess relatives, who were outliers for heterozygosity, and whose 

reported sex did not match their genetic sex. This left us with N = 139,603 for family, and N = 

139,826 for friendship. Finally, we removed related individuals from this list resulting in a total 

of N = 134,681 (family) and N = 134,941 (friendship) unrelated individuals for further 

analyses. A total of 131,790 individuals were included in both the analyses. At the time of 

recruitment, participants were between 40 ï 69 years of age. All participants provided informed 

consent to participate in the UK Biobank. In addition, we obtained ethical approval from the 

University of Cambridge Human Biology Research Ethics committee to use de-identified data 

from the UK Biobank and ALSPAC for this study.  

 

6.2.2 Genetic analyses 

Details of the UK Biobank genotyping, imputation, and quality control procedures is 

available elsewhere (Bycroft et al., 2017). Genetic association was conducted using Plink 2.0 

(Purcell et al., 2007) (https://www.cog-genomics.org/plink/2.0/), which supports BGEN v 1.2 

files. We included sex, year of birth, genotyping batch and the first 40 genetic principal 

components as covariates. We excluded SNPs that failed Hardy-Weinberg Equilibrium (P < 

1x10-6), had a minor allele frequency < 0.01, and had a per-SNP genotyping rate < 95%, and 

imputation INFO < 0.1. We further excluded SNPs not in the Haplotype Reference Consortium 

(http://www.haplotype-reference-consortium.org/) (McCarthy et al., 2016). We excluded 

individuals who were ancestry outliers, had per-individual genotyping rate < 90%.  

 

https://www.cog-genomics.org/plink/2.0/
http://www.haplotype-reference-consortium.org/
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To increase the effective sample size, we leveraged the high genetic correlation between 

the two phenotypes to conduct MTAG (Turley et al., 2017) (or multi-trait analysis of GWAS) 

(https://github.com/omeed-maghzian/mtag/). MTAG is an extension of the standard inverse 

variance weighted meta-analysis that considers the genetic correlation between phenotypes to 

estimate phenotype-specific effects. Our phenotypes are excellent for MTAG given both the 

high genetic correlation between the two phenotypes and the similar mean chi-square. We do 

not expect the estimates to be biased.  

 

Clumping of the independent SNPs was conducted using Plink (Purcell et al., 2007), 

using an r2 of 0.6. Winnerôs curse correction was conducted using FIQT, which is an FDR 

based inverse quantile transformation (Bigdeli et al., 2016).  

 

6.2.3 Genetic correlations 

Genetic correlations were conducted using LD score regression (LDSR) (Bulik-

Sullivan, Finucane, et al., 2015; Bulik-Sullivan, Loh, et al., 2015) 

(https://github.com/bulik/ldsc/wiki). We used north-west European population LD scores, did 

not constrain the intercept and used the pre-MTAG summary statistics to obtain unbiased 

genetic correlations. We ran correlations with psychiatric and psychological phenotypes 

(Table 1). Summary scores were obtained from the PGC 

(http://www.med.unc.edu/pgc/results-and-downloads), the SSGAC 

(https://www.thessgac.org/), and the CTG (https://ctg.cncr.nl/software/summary_statistics). In 

addition, summary statistics for systemizing, self-reported empathy (Chapter 3) (Warrier et 

al., 2016), and cognitive empathy (Chapter 4) (Warrier et al., 2017) were obtained from 

23andMe, Inc. Summary statistics for the iPSYCH autism replication dataset were obtained 

from the iPSYCH autism team. Given the correlation between the phenotypes, we identified 

significant genetic correlations using a Benjamini-Hochberg FDR < 0.05, taking into account 

all the tests conducted for both the phenotypes combined, given the high genetic correlation 

between the two phenotypes. We also indicate the tests that pass Bonferroni correction in the 

results section. We note here that Bonferroni correction is likely to be conservative given the 

positive dependency in the tests conducted. The Benjamini-Hochberg is less conservative than 

Bonferroni, but more conservative than Benjamini-Yekutieli in light of the positive 

dependency in the tests conducted.  

 

http://www.med.unc.edu/pgc/results-and-downloads
https://www.thessgac.org/
https://ctg.cncr.nl/software/summary_statistics
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6.2.4 Heritability analyses 

Heritability analyses were conducted using both LDSR (all participants) (Bulik-

Sullivan, Loh, et al., 2015) and GCTA-GREML (Yang et al., 2011)  (for computational 

efficiency, this was conducted on one-fifth of the total participants, N = 26,000). To keep the 

methods as identical as possible, GCTA heritability was calculated after including sex, age, 

batch and the first 40 genetic principal components as covariates. Bivariate genetic correlations 

between the two phenotypes were conducted using both LDSR and GCTA. 

 

6.2.5 Functional annotation  

Functional annotation was performed on the MTAG-GWAS datasets. We used FUMA 

(Watanabe, Taskesen, van Bochoven, & Posthuma, 2017) (http://fuma.ctglab.nl/) to identify 

eQTLs and chromatin interactions for the genome-wide significant results. eQTLs were 

identified using data from BRAINEAC and GTEx (Ardlie et al., 2015) brain tissues. Chromatin 

interactions were identified using Hi-C data from the dorsolateral prefrontal cortex, 

hippocampus, and neural progenitor cells. Significant mapping was identified at a Benjamini-

Hochberg FDR < 0.05. Gene-based association analyses was conducted using MAGMA (de 

Leeuw et al., 2015) within FUMA, and significant genes were identified using a Bonferroni-

corrected threshold < 0.05 for each phenotype, as provided within FUMA.  

 

We conducted partitioned heritability (Finucane et al., 2015) analyses using the MTAG-

GWAS dataset using the baseline categories and additional categories: genes that are loss-of-

function intolerant (Lek et al., 2016), and genes with brain specific chromatin marks (Finucane 

et al., 2015). Significant enrichments were identified using a Benjamini-Hochberg FDR < 0.05 

applied to both the phenotypes combined.  

 

To identify phenotype relevant tissues based on gene expression, we conducted 

partitioned heritability analyses applied to tissue-specific genes (Finucane et al., 2017). We 

focussed on GTEx consortium based gene expression from 13 brain regions (Cortex, Anterior 

cingulate cortex, frontal cortex, cerebellum, cerebellar hemisphere, putamen, nucleus 

accumbens, caudate, substantia nigra, hippocampus, spinal cord, amygdala, and 

hypothalamus). Results were significant at a Benjamini-Hochberg FDR < 0.05. In addition, 

gene expression analyses for general tissue types and specific tissue types were also conducted 

using FUMA. These two methods are not identical. In partitioned heritability, the top 10% of 

gene with tissue specific expression (focal brain region vs non-focal brain region) were 
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included with a 100 kb window on either side of the transcribed region. In FUMA, all genes 

are tested using a linear regression framework. Here, the expression of genes in a particular 

tissue is regressed against the gene Z-values with the average expression of the gene in all 

tissues included alongside usual covariates (gene length, SNP density etc). Thus, while FUMA 

tests all the genes, partitioned heritability tests only the top decile.  

 

Cell specific enrichment (Zhang et al., 2014) was conducted for three cell types 

(Neurons, astrocytes and oligodendrocytes) using both LDSR partitioned heritability and 

MAGMA gene set enrichment. Results were FDR corrected (P < 0.05). For MAGMA we used 

the top 500 specifically expressed genes in each cell type compared to the other cell types. 

 

6.2.6 Polygenic regression analyses  

Polygenic regression analyses using the MTAG-GWAS results were conducted using 

PRSice (Euesden et al., 2015) to generate polygenic scores. PRSice is an extension of polygenic 

scoring in Plink and calculates the average of per-allele scores, which is the allelic regression 

coefficient in this study. This can be conducted at multiple different thresholds, to generate a 

polygenic score per individual, which can then be regressed against a phenotype of interest. 

Polygenic scoring was conducted in approximately 5,600 phenotyped and unrelated 

individuals from the Avon Longitudinal Study of Parents and Children (Boyd et al., 2013). We 

considered total scores from three parent-reported child-based questionnaires, collected 

between the ages of 7 and 10: the Childrenôs Communication Checklist (CCC) (Bishop, 1998), 

the Social and Communication Disorder Checklist (Scourfield, Martin, Lewis, & McGuffin, 

1999), and the Strengths and Difficulties Questionnaire (SDQ) (Goodman, 1997). These three 

questionnaires are widely used to assess difficulties in child development. In addition, we also 

tested five subdomains of the SDQ (prosocial behaviour, hyperactivity, emotional difficulties, 

peer difficulties and conduct problems). Prosocial behaviour and CCC were reverse coded to 

indicate difficulties in prosocial behaviour and communication. Polygenic score regression was 

conducted using a negative binomial model (MASS package in R: https://cran.r-

project.org/web/packages/MASS/MASS.pdf) as this provided the best fit. Sex and the first two 

genetic principal components were included as covariates. Incremental variance explained due 

to polygenic scores was calculated using Nagelkerkeôs pseudo-R2.  

 

6.2.7 ALSPAC cohort 

Participants 
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All participants included in the polygenic score analyses were from an ongoing study - 

the Avon Longitudinal Study of Parents and Children (ALSPAC). We queried the data using a 

fully searchable data dictionary that is available here: 

http://www.bristol.ac.uk/alspac/researchers/access/. The ALSPAC cohort comprises 14,541 

initial pregnancies from women resident in Avon, UK resulting in a total of 13,988 children 

who were alive at 1 year of age. Pregnant women were recruited from 1st April 1991 to 31st 

December 1992. In addition to this, children were enrolled in other phases which is described 

elsewhere (Boyd et al., 2013).  In total, 713 additional children were enrolled in this study. The 

study received ethical approval from the ALSPAC Ethics and Law Committee, and written 

informed consent was obtained from parent or a responsible legal guardian for the child to 

participate. Assent was obtained from the child participants where possible.  In addition to 

ethical approval from ALSPAC, we obtain ethical approval from the Human Biology Research 

Ethics Committee at the University of Cambridge.  

 

Details of genotyping and imputation are provided in section 5.2.2. 

 

Phenotypes 

 For all the phenotypes included in the cross-phenotype polygenic risk score analyses, 

we used the prorated scores as provided in the ALSPAC datasheet. We considered three main 

phenotypes (CCC, SDQ and SCDC), as they have been associated with psychiatric conditions. 

For example, both the CCC (Geurts et al., 2004) and the SCDC (Robinson et al., 2016) have 

been associated with autism. Further, the SDQ has been linked to ADHD and conduct problems 

(Goodman, Ford, Simmons, Gatward, & Meltzer, 2000). In addition to the total SDQ scores, 

we also considered the SDQ subscales as they capture difficulties in specific domains. Scores 

on these measures have been provided for multiple different age groups in the ALSPAC. We 

considered the age group with the highest number of participants for whom phenotypic data 

was available, which was, for all phenotypes, the youngest age group. Further details of the 

SCDC in particular are provided in Chapter 7, where we conduct a GWAS of the log-

transformed SCDC scores to identify genetic correlations with the Systemizing Quotient-

Revised.  

 

http://www.bristol.ac.uk/alspac/researchers/access/
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6.3 Results 

6.3.1 Phenotypic distributions 

Both phenotypes had a unimodal, near-normal distribution (Figure 1), with skew and 

excess kurtosis between ±1. The Spearmanôs rank correlation between friendship and family 

relationship satisfaction was only 0.52 (P < 2.2x10-16) (Figure 2), suggesting that they are not 

identical phenotypes. This allowed us to investigate the genetic architecture of the two 

phenotypes separately. Both sex and age were significantly associated with the two phenotypes, 

though the effect was small (Figures 3 and 4).  

 

Figure 1: Phenotypic distributions of family and friendship relationship satisfaction 

 
Histograms plotting the distribution of family relationship satisfaction (A and B), and 

friendship satisfaction (C and D). Blue bar indicates scores for females, and pink for males. 

Plots B and D show stacked frequency histograms. Scores range from 1 to 6, with 1 

corresponding to extremely unhappy and 6 corresponding to extremely happy.  
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Figure 2: Spearmanôs rank correlation between phenotypic distributions of friendship 

and family relationship satisfaction 

 

 
Each circle shows the overlap between scores on the two phenotypes. Larger the circle, larger 

the overlap. Spearmanôs rank correlation = 0.52 (P < 2.2x10-16). 
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Figure 3: Difference in scores for friendship and family relationship satisfaction based 

on sex 

 

 

 

 

Mean scores for family relationship (left) and friendship (right) satisfaction shown above. 

Lines represent standard deviations. There was a small, but significant difference between 

males and females (Two tailed unpaired T-test; P < 0.001 for both the phenotypes). For family 

relationship satisfaction, males scored significantly higher than females. Mean (males) = 4.81, 

sd = 0.89; Mean (females) = 4.79; sd = 0.87. The Cohenôs D for the T-test was small (0.02). 

For friendship satisfaction, males scored significantly lower than females. Mean (males) = 

4.68, sd = 0.74; Mean (females) = 4.84, sd = 0.71. The Cohenôs D for the T-test was larger 

than that of family relationship satisfaction, but still small (0.22).  The test was conducted in N 

= 131,790 individuals who completed both the questionnaires. N = 70,809 for females. N = 

60,981 for males.  
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Figure 4: Difference in scores for friendship and family relationship satisfaction based 

on age 

 
 

Scatterplot showing the relationship between year of birth and family relationship 

satisfaction (above) and friendship satisfaction (below). Age predicted a small proportion of 

the variance in family satisfaction (Beta = -0.009±0.0003 P < 2.2x10-16). Age also predicted 

a small proportion of the variance in friendship satisfaction (Beta =  -0.007±0.0002; P < 

2.2x10-16). 
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6.3.2 Genetic correlation 

Despite the modest phenotypic correlation, genetic correlation between family 

relationship satisfaction and friendship satisfaction was high (rg = 0.87±0.03; P < 2.2x10-16), 

suggesting a similar genetic architecture between the two phenotypes. We observed a similarly 

high bivariate genetic correlation using GCTA REML (rg = 1 ± 0.11; P < 2.2x10-16) in our 

subsample of participants. This similarity was reflected in the largely similar genetic 

correlation between the two phenotypes and other psychiatric and psychological phenotypes. 

After FDR correction, we identified significant negative genetic correlations between family 

relationship satisfaction and six of the seven psychiatric conditions tested (anxiety, autism, 

anorexia nervosa, bipolar disorder, depression, and schizophrenia) and between friendship 

satisfaction and four of the seven psychiatric conditions (autism, bipolar disorder, depression, 

and schizophrenia). We replicated the negative genetic correlations with autism using a 

separate autism GWAS dataset (autism_iPSYCH). Underscoring the contribution to the two 

phenotypes to most psychiatric conditions, we also identified significant negative genetic 

correlation for both phenotypes and cross-disorder psychiatric GWAS. Notably, the 

correlations between autism, schizophrenia, the cross-disorder GWAS, and depression are also 

significant after using a more-stringent and highly conservative Bonferroni correction.  For 

cognitive and psychological phenotypes, we identified negative genetic correlations for both 

phenotypes and educational attainment, cognitive aptitude, depressive symptoms and 

neuroticism. In contrast, we identified significant positive genetic correlations between both 

phenotypes and conscientiousness, empathy, extraversion, and subjective wellbeing. Genetic 

correlations are provided in Figure 5 and Table 1.  
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Figure 5: Genetic correlations 

 

 
 

Genetic correlations and 95% confidence intervals provided for the two phenotypes (red is 

family relationship satisfaction, blue is friendship satisfaction). Phenotypes tested are on the y 

axis. Magnitude of the genetic correlation is on the x axis.  
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Table 1: Genetic correlation for the two phenotypes 

  
Family Friendship 

  

 
Genetic 

correlation 

SE P FDR-

adjusted P 

Genetic 

correlation 

SE P FDR-

adjusted P 

Sample 

Size 

PMID  

ADHD -0.08 0.05 1.20E-01 1.50E-01 0.07 0.05 1.48E-01 1.74E-01 55374 NA 

Anorexia -0.21 0.08 9.00E-03 1.29E-02 -0.12 0.08 1.40E-01 1.70E-01 14477 28494655 

Anxiety -0.38 0.14 6.59E-03 9.76E-03 -0.22 0.13 8.74E-02 1.13E-01 17310 26754954 

Autism_PGC -0.21 0.06 1.00E-03*  1.74E-03 -0.25 0.06 9.36E-05 1.87E-04*  16350 28540026 

Autism_iPSYCH -0.37 0.06 5.36E-10*  1.95E-09 -0.38 0.05 1.85E-12 1.23E-11*  19142 NA 

Bipolar Disorder -0.28 0.07 6.30E-05*  1.33E-04 -0.18 0.07 1.03E-02 1.42E-02 16731 21926972 

Depression -0.36 0.1 5.02E-04*  9.56E-04 -0.34 0.12 2.56E-03 4.27E-03 18759 22472876 

Schizophrenia -0.37 0.03 3.37E-22*  3.37E-21 -0.31 0.03 2.05E-17 1.64E-16*  77096 25056061 

PGC-crossdisorder -0.4 0.06 3.02E-11*  1.51E-10 -0.4 0.06 2.29E-11 1.31E-10*  61220 23453885 

Cognitive aptitude -0.1 0.05 3.00E-02 4.00E-02 -0.2 0.04 3.69E-05 8.20E-05*  78308 28530673 

Conscientiousness 0.4 0.14 3.90E-03 6.00E-03 0.53 0.16 6.95E-04 1.26E-03 17375 21173776 

Depressive symptoms -0.54 0.05 1.51E-22*  2.01E-21 -0.4 0.06 5.06E-11 2.25E-10*  161460 27089181 

Edu attainment -0.15 0.03 1.42E-05*  3.34E-05 -0.22 0.03 4.08E-10 1.63E-09*  293723 27225129 

Empathy 0.33 0.07 3.03E-06*  7.58E-06 0.44 0.07 1.31E-09 4.37E-09*  46861 NA 

Extraversion 0.23 0.08 3.00E-03 4.80E-03 0.54 0.09 4.87E-09 1.50E-08*  63030 26362575 

Neuroticism -0.45 0.09 1.01E-06*  2.69E-06 -0.49 0.09 2.50E-07 7.14E-07*  170911 27089181 

Openness -0.09 0.11 3.70E-01 3.89E-01 -0.15 0.11 1.80E-01 2.06E-01 17375 21173776 

Cognitive empathy -0.05 0.06 3.52E-01 3.81E-01 -0.06 0.06 3.32E-01 3.69E-01 89553 28584286 

Subjective Well being 0.65 0.05 1.82E-33*  7.28E-32 0.67 0.05 1.80E-30 3.60E-29*  298420 27089181 

SQ-R -0.04 0.06 4.70E-01 4.70E-01 0.05 0.07 4.20E-01 4.31E-01 51564 NA 

This table provides the results of the genetic correlation analyses. *indicates genetic correlations that were significant after using a more conservative 

Bonferroni correction (P < 1.25x10-3). SE = Standard error, P = P-value, PMID = Pubmed ID 
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6.3.3 SNP heritability 

LDSR based SNP-heritability was 0.065 (0.005) for friendship satisfaction and 0.066 

(0.005) for family relationship satisfaction. GCTA based heritability for a subset of the 

participants identified a significant heritability of 0.053 (0.014) for friendship satisfaction and 

0.056 (0.014) for family relationship satisfaction (Figure 6 and Table 2).  

 

Table 2: Additive SNP heritability 

Phenotype Method h2 SE 

Family LDSR 0.065 0.005 

Family GCTA 0.053 0.014 

Friendship LDSR 0.066 0.005 

Friendship GCTA 0.056 0.014 

This table provides the results of the additive SNP heritability estimated by LDSR and GCTA. 

h2 = Additive SNP heritability. SE = Standard error.  

 

Figure 6: Additive SNP heritability for family relationship and friendship satisfaction 

 

 
Additive SNP heritability for family relationship satisfaction (left) and friendship satisfaction 

(right). Heritability estimates and 95% confidence intervals provided. We used two different 

methods to calculate additive SNP heritability: LD score regression and GCTA genomic-

relatedness-based restricted maximum likelihood. Heritability estimates for the former was 

calculated using the full sample (N > 130,000 for both phenotypes). Heritability estimates for 

the latter was calculated using one-fifth of the full sample (N = 26,000 for both phenotypes), 

for computational efficiency. For both methods we included sex, batch, year of birth and the 

first forty genetic principal components as covariates. Heritability estimates were similar and 

significant for both methods.  
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6.3.4 Genetic association analyses 

Genome-wide association analyses did not identify any significant results. Manhattan 

and QQ-plots are provided in Figure 7. The ɚGC was 1.15 for both phenotypes. However, the 

LDSR intercept was 1.0018 (0.007) for family relationship satisfaction and 1.0002 (0.0085) for 

friendship satisfaction, suggesting negligible inflation due to population stratification. The high 

genetic correlation between the two phenotypes was supported by concordant effect direction 

for all the 13 independent loci with P < 1x10-6 for the two phenotypes (Figure 8). Six of these 

had significant P-values in the other phenotype after Bonferroni correction (Figure 8 and 

Table 3).  

 

Given the similar mean chi-square of the two phenotypes (1.13 for family relationship 

satisfaction and 1.14 for friendship satisfaction) and the high genetic correlation, we conducted 

a modified inverse variance weighted meta-analysis (MTAG). This increased the effective 

sample size to 164,112 for family relationship satisfaction and over 158,166 for friendship 

satisfaction. There was a high genetic correlation between the pre-MTAG and post-MTAG 

GWAS datasets (Family: 0.98±0.005, P < 2.2x10-16; Friendship: rg = 0.98±0.004; P < 2.2x10-

16). We identified two significant loci associated with both the phenotypes (Table 4). On 

Chromosome 3, the lead SNP was rs1483617 for both phenotypes (P = 1.6x10-8 for family 

relationship satisfaction and 4.55x10-8 for friendship satisfaction). In addition, on chromosome 

6, we identified another locus with rs2189373 as the lead SNP for both phenotypes (P = 

1.06x10-8 for family and P = 4.21x10-8 for friendship). The top-SNPs explained 0.019% of the 

variance for both phenotypes, which reduced to 0.0027% after correcting for winnerôs 

curse.  Manhattan and QQ-plots for the GWAS are provided in Figure 9.
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Figure 7: Manhattan and QQ-plot for pre-MTAG GWAS  

 
 

 
 

 
Manhattan plots for family relationship satisfaction (top), and friendship satisfaction (middle). 

QQplots for family relationship satisfaction and friendship satisfaction below. 
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Figure 8: Direction and P-values of all independent SNPs with P < 10-6 in the pre-

MTAG family relationship  satisfaction and friendship satisfaction GWAS 

 

 
 

 

Regression Beta and 95% CI provided for all independent SNPs with P < 1x10-6. Blue lines 

indicate effect estimate and CI for friendship satisfaction. Red lines indicate effect estimate 

and 95%CI for family relationship satisfaction. P-values provided on top of the CI lines. We 

conducted 13 independent tests (replicating 13 independent SNPs). A Bonferroni corrected 

significant threshold is 0.0038.  
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Table 3: 13 independent loci in the pre-MTAG GWAS       
Friendship Family 

SNP Chr  BP  Effect_allele Non_effect_allele Effect SE P Effect SE P 

rs6732220 2 49222872 G C 0.011 0.003 3.00E-04 0.021 0.004 1.24E-07 

rs139054935 2 52497293 A C 0.063 0.012 5.25E-07 0.036 0.015 1.83E-02 

rs9846892 3 81065799 G A 0.015 0.003 1.55E-07 0.010 0.003 2.50E-03 

rs4146336 3 117493600 A C -0.015 0.003 6.96E-07 -0.009 0.004 9.00E-03 

rs1471695 3 175965350 A G -0.013 0.003 5.94E-06 -0.018 0.004 2.20E-07 

rs72847141 6 28722114 G T 0.019 0.004 7.90E-07 0.015 0.005 1.70E-03 

rs9482120 6 98392667 C A -0.015 0.003 1.01E-07 -0.009 0.004 1.10E-02 

rs79937798 8 17730682 C T 0.039 0.008 9.48E-07 0.013 0.010 1.70E-01 

rs10770042 11 9607032 A G 0.019 0.004 3.30E-07 0.006 0.005 1.80E-01 

rs147087791 11 92551205 A G -0.049 0.009 1.99E-07 -0.038 0.011 9.30E-04 

rs1785039 11 127900579 A G -0.018 0.004 4.00E-07 -0.011 0.004 1.10E-02 

rs56167781 12 120146026 A T -0.026 0.007 1.00E-03 -0.047 0.010 8.92E-07 

rs117479788 16 46764892 A G 0.032 0.006 7.12E-07 0.012 0.008 1.50E-01 

Chr = Chromosome, BP = Basepair position, SE = Standard error, P = P-value. Italicized effect sizes, SEs and P-values represent replication in 

the second phenotype. Significant results are written in bold (Bonferroni correction). 

 

Table 4: Significant SNPs in the MTAG GWAS        
Family (MTAG)  Friendship (MTAG)  

 

SNP Info Chr  BP EA OA MAF  Beta SE P Beta SE P WC R2 

rs2189373 0.99 6 30223428 C T 0.21 -0.026 0.0046 1.06E-08 -0.025 0.0046 4.21E-08 0.002723 

rs1483617 0.99 3 175960305 G A 0.39 -0.019 0.0035 1.6E-08 -0.019 0.0035 4.15E-08 0.002723 

Chr = Chromosome, BP = Basepair position, EA = effect allele, OA = other allele, MAF = minor allele frequency, SE = Standard error, P = P-

value, WC R2 = winnerôs curse corrected variance explained. 



 

 146 

Figure 9: Manhattan and QQ plots

Manhattan and QQ plots of the two MTAG-GWAS datasets. A: Manhattan plot of family relationship satisfaction (Neffective = 164,112). B: QQ 

plot of family relationship satisfaction (LDSR intercept = 0.99(0.0084); ɚGC = 1.18). C. Manhattan plot for friendship satisfaction Neffective = 

158,116). D QQplot for friendship satisfaction (LDSR intercept = 0.99(0.0087); ɚGC = 1.17). Significant SNPs have been labelled on the 

Manhattan plots in red.   
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6.3.5 Functional annotation 

We investigated genes associated with the two loci using eQTL and chromatin 

interaction analysis in brain tissues (Appendix: Tables 12 and 13). The analyses prioritized 

several genes including NLGN1 which is involved in the postysynaptic complex in excitatory 

synapses (rs1483617) and interacts with NRXN1, a gene implicated in schizophrenia (Ching et 

al., 2010; Levinson et al., 2011), autism (Sanders et al., 2015), and intellectual disability 

(Schaaf et al., 2012). A second gene identified, KCNMB2, modulates the calcium sensitivity in 

the BK channels. The second locus on chromosome 6 (rs2189373) is in the MHC complex. It 

is an intergenic SNP in HCG17, a gene which has been implicated in schizophrenia (Fromer et 

al., 2016).  SNPs in high LD (r2 > 0.8) with the lead SNP have been implicated in schizophrenia 

(rs2021722, P = 2.2 × 10ī12) (Ripke et al., 2011) (rs2523722 , P = 1.47x10-16) (Irish 

Schizophrenia Genomics Consortium and the Wellcome Trust Case Control Consortium 2, 

2012) and in the cross-disorder psychiatric GWAS (rs2517614, P = 8.9x10-7) (Cross-Disorder 

Group of the Psychiatric Genomics Consortium, 2013). When comparing the two previous 

studies and our current study, the effect allele that increased the risk for the psychiatric 

condition is in the same haplotype as the effect allele that decreased social relationship 

satisfaction. We note here that this region was not genotyped in the latest GWAS of 

schizophrenia (Ripke et al., 2014), and no SNP in r2 > 0.8 with rs2189373 was available in this 

schizophrenia summary statistics.  eQTL and CCC identified several genes in this locus. 

Notably, one of the genes identified (ZNF184) was also prioritized in a recent large-scale 

GWAS on neuroticism (Nagel et al., 2017).  Figure 10 provides the circos plots for the two 

loci.  Figures 11 and 12 provide the local LD plots for the two phenotypes.
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Figure 10: Circos plots showing chromosome interactions and eQTLs  

 

Circos plots showing eQTLs (green lines) and chromosome interactions (orange lines) for the two significant loci. A: Circos plot for rs1483617. 

B: Circos plot for rs2189373. The outer ring shows a modified Manhattan plot with -log10 P-values. Blue regions identify genomic risk regions. 

Names of genes with significant chromosome interactions or eQTL interactions are provided in the middle circle.  Red regions indicate regions 

implicated by both eQTL and chromosome interactions. 
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Figure 11: Regional LD plot for family relationship satisfaction 
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Figure 12: Regional LD plot for the friendship satisfaction 
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Using two different methods (FUMA and LDSR-partitioned heritability), we identified 

high enrichment in brain tissues including the pituitary, pointing to the significant role of neural 

tissues for both phenotypes (Figures 13 and 14, Tables 5 - 7).  Brain specific chromatin 

modifications showed a significant, 3-fold enrichment using LDSR, accounting for nearly a 

third of the heritability (Tables 5 and 6). In addition, both methods identified significant 

enrichment for genes with PLI > 0.9 (Family: Partitioned-h2 P = 6.81x10-7, MAGMA P = 

3.06x10-4; Friendship: Partitioned-h2 P = 1.56x10-6; MAGMA_P = 9.62x10-5) (Tables 5 and 

6). Baseline partitioned heritability also identified enrichment for conserved regions and 

H3K4me1 modifications for both phenotypes.  

 

We investigated enrichment in specific brain regions using FUMA and partitioned 

heritability (Figures 13 and 14, Table 7). FUMA identified a significant enrichment for the 

cerebellum. In contrast, partitioned heritability identified a significant enrichment for the cortex 

and the anterior cingulate cortex. This is likely to be due to methodological differences in how 

the enrichments are calculated. Partitioned heritability is more likely to capture region specific 

gene expression in the brain due to how region specific expression is calculated.  Cell type 

specific analysis did not identify a significant enrichment for any specific brain types, using 

both partitioned heritability and MAGMA (Tables 8 and 9).  

 

Gene-based analyses using MAGMA identified thirteen significant genes for family 

relationship satisfaction and 12 significant genes for friendship satisfaction (Appendix: Tables 

14 and 15). The top gene in both the phenotypes was SHISA5, a gene that encodes a 

transmembrane protein on the endoplasmic reticulum.  
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Figure 13: General tissue enrichment (FUMA) 

 

 
 

 

 
 

FUMA general tissue enrichment plots for family relationship satisfaction (above) and 

friendship relationship satisfaction (below). X axis indicates tissues, and Y axis indicated 

enrichment, with higher bars representing greater enrichment. Dotted line indicates 

Bonferroni corrected threshold. Gene expression data was obtained from the GTEx 

consortium.  
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Figure 14: Specific tissue enrichment (FUMA) 

 

 
 

 
FUMA specific tissue enrichment plots for family relationship satisfaction (above) and 

friendship satisfaction (below). X axis indicates tissues, and Y axis indicated enrichment, with 

higher bars representing greater enrichment. Red bars indicate significant enrichment after 

Bonferroni correction. Dotted line indicates Bonferroni corrected threshold. Gene expression 

data was obtained from the GTEx consortium.  

 

 


































































































































































































































































































